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A B S T R A C T

Detection, segmentation and tracking of cells and nuclei in im-
ages of biological systems are some of the key rate limiting
steps in modern life science research. Automated approaches

to these tasks promise many benefits, including accelerated research as
well as reproducible data analysis, but so far computer methods are both
insufficiently accurate and overly specialized to serve as a substitute for
detailed human curation across all datasets and tasks where it is cur-
rently required. Additionally, computational image restoration is becom-
ing ever more important as imaging pipelines grow ever more complex,
pushing the limits of spatiotemporal resolution in search of biological
insights. Deep learning and, in particular, convolutional neural networks
offer a promising path towards solutions to many of the most common
problems facing the fields of BioImage analysis and restoration. How-
ever, as we attempt to adopt methods originally developed for the field
of Computer Vision, we find them ill suited to some of the unique chal-
lenges of BioImage data.

In this thesis, we explore new methods for the common BioImage Analy-
sis tasks of denoising raw microscopy data, as well as detecting, segment-
ing, and tracking cells and cell nuclei. In Chapter 2 we present CP-Net , a
convolutional neural network designed to locate cells and nuclei by their
centerpoint. We show how CP-Net can detect cells and nuclei of varying
size and shape in a broad range of image types while using only very
simple and widely available centerpoint annotations for training. This
approach leads to state of the art detection on two datasets from the ISBI
Cell Segmentation Benchmark. In Chapter 3 we track cells by combin-
ing CP-Net with a fast, parameter-free linking heuristic. We find that, in
practice, detection errors are the root cause of poor tracking performance,
and that high quality tracking in many cases does not require optimizing
global models of cell movement. This approach to tracking leads to state
of the art tracking scores on four ISBI Cell Tracking Challenge datasets.
Later in Chapter 3 we investigate an extension of the tracking by as-
signment approach to cell tracking that incorporates a model of locally
correlated motion to aid with tracking in biological tissues. In Chapter
4 we introduce StructN2V, an extension the Noise2Void approach to
image denoising which can deal with structured noise. We show how
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structured noise is a problem common to real bioimage datasets and
demonstrate a consistent improvement over standard alternatives.

While not strictly limited to fluorescence microscopy datasets of develop-
ing embryos, we validate each of our methods extensively on such data,
and find that they are particularly well suited to problems with a large
number of small, densely packed fluorescent nuclei across hundreds of
3D images characterized by low signal to noise ratio.
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1I N T R O D U C T I O N

1 .1 preamble

Bioimage informatics is a new subdiscipline of bioinformatics and com-
puter vision which brings algorithms to bear in the service of microscopy.
Two of the goals of this field are to improve the visual quality of images
(image restoration) and to extract quantitative information about biological
specimens directly from images (image analysis). New methods are neces-
sary if we are to take full advantage of the massive amount of image data
produced by a rapidly growing collection of microscopy techniques (My-
ers, 2012; Sbalzarini, 2016; Meijering et al., 2016). This thesis contributes
methodological advances in three areas, image denoising, cell detection,
and cell tracking, as small steps towards these goals.

1 .2 a brief history of bioimage informatics

Microscopy has been an integral part of biology since the mid 17th cen-
tury when Robert Hooke and Antonie van Leeuwenhoek gave the first
description of cells and unicellular organisms, (Hooke, 1665). In 1844

Alfred Donné and Jean-Bernard-Leon Foucault pioneered photomicrogra-
phy, using Foucault’s improvements to the Daguerreotype system, acquir-
ing microscopy images directly from light as opposed to creating hand-
drawn diagrams while looking through an eyepiece (fig. 1.1, Batchen et
al., 2004). The digitization of photomicrographs, first through scanners
(Ledley, 1959; Ledley, 1964; Preston, 1976), then eventually through di-
rect capture of digital images via Charge Coupled Semiconductor Device
(CCD) (W. S. Boyle and Smith, 1970), enabled the use of computer algo-
rithms to manipulate these pictures. Eventually, the personal computer
revolution brought cheap digital storage, high resolution color screens
for display, and the mouse for interaction and annotation.

New microscopy techniques were invented which rely directly on image
processing algorithms (Förster et al., 2005; Betzig et al., 2006; Swoger et
al., 2007; Verveer et al., 2007).
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Figure 1 .1 A Daguerreotype image of brewer’s yeast acquired in 1844 by Jean-
Bernard-Leon Foucault and published in Alfred Donné’s Cours de Microscopie. (photo:
The Metropolitan Museum of Art, New York. Batchen et al., 2004)

The rise of fluorescence microscopy and transgenic interventions called
for image manipulation software with the ability to zoom and adjust the
field of view in space and time for interactive viewing and annotation of
large numbers of bioimages (Abramoff et al., 2004; Schneider et al., 2012;
de Chaumont et al., 2012; Kankaanpää et al., 2012; Schindelin et al., 2012)
as well as rapid sharing of simple image processing scripts.

Most recently convolutional neural networks (CNNs) have brought mas-
sive gains in accuracy across many bioimage tasks including restoration,
cell detection and segmentation Weigert et al., 2018; Schmidt et al., 2018;
Weigert et al., 2020; Krull et al., 2019. Yet still the field of bioimage anal-
ysis is changing faster than ever as new assays and microscopy methods
are introduced and new algorithms improve the state of the art across
tasks and data types in pursuit of error-free automated analyses.

1 .3 current practice and problems

After the images are acquired biologists use algorithms to improve im-
age quality (bioimage restoration) as well as to automatically extract quan-
titative information about the shape and movement of cells and other
biological objects (bioimage analysis). A great diversity of algorithms have
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been developed to deal with the broad spectrum of tasks, sample types
and imaging modalities.

• tasks (e.g. denoising vs deconvolution in bioimage restoration, de-
tection vs segmentation in bioimage analysis)

• sample types (e.g. membrane label in developing tissue vs label
free imaging of HeLa cells in vitro)

• imaging modalities (lightsheet fluorescence microscopy vs phase
contrast)

image
acquisition

image
restoration

image
analysis

biological
analysis

F igure 1 .2 How do image restoration and analysis fit into the big picture of biolog-
ical science? First, images are acquired by observing biological samples under a digital
microscope. Then these images are restored by removing noise, blur and other artifacts.
Subsequent image analysis determines the physical locations and traits of each visible
object. Finally, biologists use the information gleaned from these images to form and test
hypotheses.

To what extent are the problems faced by the field of bioimage informat-
ics specific to individual tasks and datasets?

Both bioimage informatics and bioimage restoration share in their overar-
ching, unifying goal: to help biologists extract the maximum information
from the images with the minimum time and effort. Bioimage restora-
tion algorithms achieve this by removing noise from images making it
easier for our eyes to pick out the relevant parts of the signal. Bioimage
analysis tools achieve this by quantifying the size, number, location and
movement of cells, nuclei and other biological objects to avoid tedious
manual annotation and counting by eye. The emphasis on time and effort
highlights the fact that these methods are in competition with a variety
of approaches and each has a cost.

All bioimage analysis methods are implicitly in competition with manual
analysis (annotation by hand), which sets a high bar for accuracy but also
requires a lot of time and effort. While "just do it by hand" does not apply
to bioimage restoration tasks, one potential solution to problems of im-
age quality is to re-acquire the dataset using different settings, e.g. longer
exposure, a more efficient fluorescent label, a new microscope, or a new
high-resolution technique. Further, both bioimage analysis and bioimage
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restoration have a small set of simple baseline techniques that serve as
points of comparison / competition, e.g. denoising with the median fil-
ter or detecting nuclei with local intensity max-filter or thresholding +
connected components. Thus, the job of the bioimage informatician is to
develop algorithms which extract information from bioimages more ef-
ficiently than purely manual analysis, re-acquiring better data, or other
widely available baseline algorithms.

There are situations in which these alternatives are simply not possible.

1. We may already be using the highest quality data, or it may be that
we only had one shot to acquire data, and now we can’t go back to
reacquire.

2. Or it could be that our dataset is several TB large and filled with
objects, so it’s too big to annotate by hand.

3. Or the simple restoration and analysis methods just aren’t accurate
enough to satisfy the statistical requirements of our experiment.

Since bioimage algorithms process images much faster than human anno-
tation or re-acquisition the primary dimension on which they fall short is
accuracy. A more accurate restoration algorithm reveals more of the true
signal and removes more of the noise. A more accurate analysis algo-
rithm identifies more objects correctly, reducing both false positives and
false negatives. But it is sensible to assume that the time spent fixing mis-
takes after our analysis has run, the curation time, is proportional to the
error rate (1 − accuracy). This suggests that improving the accuracy of
a method from e.g. 0.94 to 0.97 may actually lead to cutting the manual
curation time in half! Thus, even relatively small gains in accuracy may
be significant if they correspond to significant reductions in error rate.

1 .4 the rise of deep learning

In the last few years a new class of method based on deep learning and
convolutional neural networks has come to provide the most accurate
approach to a variety of tasks in bioimage informatics, even achieving
human expert error rates on some tasks Meijering, 2020.

Cireçan was among the first to popularize Convolutional Neural Net-
works (CNNs) with work segmenting neural membranes in EM images
Ciresan et al., 2012 and detecting mitotic nuclei in breast cancer histology
slides Cireşan et al., 2013. A major breakthrough followed in 2015 when
Ronneberger introduced the "U-Net" CNN architecture Ronneberger et
al., 2015 with skip connections enabling high fidelity segmentations. Since
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then bioimage methods based on CNNs have become the leading ap-
proach to some the field’s most common problems: cell segmentation in
2D and 3D Schmidt et al., 2018; Weigert et al., 2020, mitosis detection C.
Li et al., 2018, and fluorescence image denoising Weigert et al., 2018.

Compared to previous machine learning approaches (Random Forests,
SVMs) CNNs offer a much larger number of effectively trainable param-
eters, and therefore greater modeling power. This additional modeling
power has unlocked large gains in accuracy, especially for tasks involving
noisy imagery and complex object geometry. Further, CNN architectures
are highly flexible, and require relatively few changes to the underly-
ing model architecture when applied to different tasks, sample types or
imaging modalities. Rather we only need to make relatively small adjust-
ments to the initial or final layers of the network, swap out the training
data, or change the loss function in order to adapt the U-Net model to
widely divergent problems.

Despite their flexibility and accuracy, these models still fall short of hu-
man annotators when compared on the time and data required to train
them on a new task. Human annotators typically require a very small
number of individual examples in order to adapt to a new task, while
CNNs most often are retrained from scratch, usually requiring several
hours of GPU time. Even seemingly small changes to the data domain
can significantly reduce the performance of CNN models. While work
on zero-shot and one-shot learning exists it has yet to make a large im-
pact in bioimage analysis. Still, the data efficiency problem is significant in
bioimage informatics.

Unfortunately, we don’t yet know how to create highly generic mod-
els capable of high performance across tasks, sample types and image
modalities in bioimage informatics. Neither have we created models ca-
pable of one- or few-shot learning new bioimage analysis tasks. Given
the absence of these model classes from the literature self-supervised meth-
ods are an appealing alternative. Self-supervision refers to the ability of
a model to train itself using only the raw input data. Training times may
be long, but at least it doesn’t require expensive human effort like manu-
ally labeling images or acquiring multiple datasets from the microscope.
However self-supervised approaches are unable to offer state of the art
performance on certain tasks like cell detection. For these tasks it makes
sense to search for data efficient supervised techniques that minimize the
amount of effort required to create training data.
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1 .5 thesis preview

The tradeoffs listed above motivate our work on self-supervised and data
efficient convolutional neural networks for image denoising and cell de-
tection.

Chapter 2 introduces CP-Net , a model of cell detection based on CNNs
for pixelwise regression which relies only on centerpoint dot annota-
tions rather than full instance annotations for training. We show how
this model extends similar approaches used in the histology and mito-
sis detection literature, and test it’s performance across a broad range of
datasets by participating in the ISBI Cell Segmentation Challenge, achiev-
ing broadly competitive results and multiple positions on the leader
board.

Chapter 3 extends CP-Net with a greedy, parameter free discrete link-
ing algorithm which enables tracking multiple dividing cells over time.
While deep learning has become the dominant approach for multiple
problems in bioimage informatics cell tracking is most often treated as a
discrete data-association problem relying on combinatorial optimization
techniques and traditional solvers. We submit this model to the ISBI Cell
Tracking Challenge and achieve multiple 1st place scores on datasets of
developing embryos, demonstrating that a very simple discrete linking
algorithm is sufficient for state of the art performance if we begin with
high quality detections from a CNN.

Later, Chapter 3 develops a new graphical model for tracking when our
parameter-free tracker fails on data with large cell displacements. This
model introduces “velocity gradient costs” to the Tracking By Assign-
ment framework to account for locally correlated motion between neigh-
boring cells and is solveable with standard techniques from combinato-
rial optimization.

Finally Chapter 4 introduces StructN2V, a self-supervised image de-
noising model which can handle creating kinds of locally correlated noise.
Our approach is an extension of the Noise2Void method and likewise
is independent of network architecture. We demonstrate and flexible
enough to deal with 2D and 3D correlated noise as it appears in real
datasets even including hot pixels.



2G E N E R A L P U R P O S E C E L L C E N T E R P O I N T
D E T E C T I O N

Detecting cells and nuclei is the critical first task in many BioImage Anal-
ysis workflows, allowing us to infer the number of objects and their spa-
tial locations. Successful approaches are often highly data-specific, and
do not necessarily generalize well across the large and growing number
specimens, labels, and types of microscopy. This is especially true for
3-D+T images of developing organisms, where the large data size, high
object count and poor SNR have historically required specialized solu-
tions for cell detection and tracking. Indeed, in 2014, an investigation of
the most common heuristic approaches for 3-D cell detection in a vari-
ety of common microscopy modalities (Schmitz et al., 2014) determined
that “the results demonstrate that the current automated methods suf-
fer from lower detection rates and higher false-positive rates than are
acceptable for obtaining valid estimates of cell numbers”, leaving users
with no choice but to perform arduous manual cell counting, potentially
even according to non-intuitive “stereologic” counting rules in very large
samples.

In this chapter we introduce CP-Net , our extension of the structured re-
gression approach to cell detection. Our approach predicts cell centroids
across a wide variety of BioImage datasets, including anisotropic 3-D
images, and can be trained using only widely available centerpoint dot
annotations. We investigate this model in detail, explore its robustness
to label noise, and offer techniques for dealing with sparse and unbal-
anced datasets. We demonstrate its generality by detecting cells and nu-
clei across a broad spectrum of datasets via participation in the ISBI Cell
Segmentation Benchmark. We show that CP-Net has good broad spec-
trum performance with minimal hyperparameter tuning and rapid infer-
ence. In some cases CP-Net is competitive with or exceeds the state of
the art.
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Contributions

• Introduce CP-Net , a variant of the structured regression approach to
object detection based on U-Net which has been designed to work
with 2D and anisotropic 3D BioImage data.

• Present results from the ISBI Cell Segmentation Benchmark where
CP-Net takes 1st place in object detection in two categories, as well
1st place in the sum total detection score across all datasets.

• Show how structured regression can be adapted for sparse annota-
tions and anisotropic 3D data.

• Study CP-Net robustness to human error in centerpoint label loca-
tion as well as with respect to hyperparameters for training data
construction.

• Study CP-Net data efficiency and show benefits of carefully select-
ing a diverse training set.

2 .1 related work

While automated cell detection is a task that has interested researches
for decades, the increase in speed, accuracy and breadth of applicability
of these techniques in recent years has been stunning. This is due to a
number of factors, but can be summarized simply as “the rise of deep
learning”. In this section we study the history of advances in deep learn-
ing for centerpoint detection in 3D images of densely packed cells, with
a specific focus on models trainable via weak annotations, i.e. requiring
only cell centerpoints or bounding boxes as ground truth.

Although 3-D data is quite common in the field of Medical Image Anal-
ysis (MIA), the most common tasks are semantic segmentation of organs
and tissues, not detection of densely packed object instances. However,
detection and classification of nuclei in 2-D histology slides is a criti-
cal task in cancer screening, and the MIA community has made great
strides towards fully automated approaches, largely through the use of
deep neural networks. Sjöström et al., 1999 were first to use an artificial
neural network (ANN) to detect cells. They used a 3-layer artificial neural
network (ANN) with over 40 total parameters, they broke the image up
into small patches which were manually classified as either “containing
a cell” or not. The classes were assigned numerical values of 0.9 and −0.9
and predicted by a final tanh activation layer to minimize a maximum-
absolute-error loss. Prediction was performed using a sliding-window
over an image of arbitrary size. Ning et al., 2005 train a convolutional
neural network (CNN) with four convolutional and two pooling layers
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to classify 40×40 image patches of 2D differential interference contrast
images of early stage C. elegans embryos, enabling downstream nucleus
detection. However the output of the CNN was too noisy to allow direct
detection, and required a markov random field to denoise the predicted
labels before detection could occur. Arteta et al., 2012 generate a super-
set of cell proposals using Maximally Stable Extremal Regions (MSER)
(Matas et al., 2004) which are filtered and classified by a support vec-
tor machine (Boser et al., 1992) trained on Ground Truth image regions
which have been labeled with a single centerpoint dot annotation.

Much of the progress can be attributed to highly generic improvements
in network architecture and training over task-specific innovations. Faster
machines and GPUs have enabled the use of neural networks with more
layers (deeper) and more neurons per layer (wider), dramatically improv-
ing accuracy, (Uetz and Behnke, 2009; Strigl et al., 2010; Ciresan et al.,
2012; Krizhevsky et al., 2012). Cireşan et al., 2013 introduce max-pooling
layers along with standard convolutional and fully connected layers in
a CNN with over 13 thousand parameters to detect mitotic nuclei in
histology slides, obtaining breakthrough results on the ICPR 2012 mi-
tosis detection competition. Prediction was done in a sliding window
manner, but speeds were greatly improved over prior CNN implemen-
tations by making use of graphics processing unit (GPU) hardware for
forward and backward passes through the net. Long et al., 2015 propose
the “fully convolutional” (FCN) architecture which enables the simul-
taneous prediction of an entire image patch (instead of a single pixel)
with a single forward pass of the network. Ronneberger et al., 2015 pro-
pose an alternative fully-convolutional architecture which features two
mirror-symmetric paths composed of an equal number of down- and
up-sampling layers attached via “skip connections” which combine spa-
tially precise low-level features with deeper, more semantic features. He
et al., 2016 simplify the training of deeper networks by using residual
connections to help to avoid the “vanishing gradient problem”.

Bounding box detection is common in Computer Vision applications
where such annotations are widely used, but has also seen some use
lately in BioImage Analysis. Girshick et al., 2014; Girshick, 2015 introduce
the “R-CNN” family of models using a CNN-based approach similar to
Arteta et al., 2012 to classify objects from a large pool of bounding-box
proposals created using heuristic methods like Selective Search (Uijlings
et al., 2013). Ren et al., 2015 extended the R-CNN framework with a
convolutional Region Proposal Network (RPN) which replaces Selective
Search with a CNN which learns to propose bounding box candidates di-
rectly from raw pixels. Akram et al., 2016a; Akram et al., 2016b; Akram
et al., 2017 extend RPNs to generate cell proposals for various 2-D flu-
orescence and phase contrast microscopy datasets enabling better cell
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segmentation and tracking. Redmon et al., 2016 You Only Look Once
(YOLO) combined the proposal generation and filtering tasks into a sin-
gle network for simultaneous bounding box detection and classification
in a single forward pass through the network. Avoiding the one-pass-
per-box filtering step enabled fast, real-time frame rates. Zhao et al., 2018

extend Region Proposal Nets to obtain 3-D bounding boxes which are
coupled with a binary pixelwise classifier to obtain instance boundaries
similar to Mask R-CNN (He et al., 2017).

Centerpoint annotation based methods have also progressed as new net-
work architectures, tasks and losses have been introduced. Cireşan et al.,
2013 use a patch-to-pixel architecture to perform pixelwise classification.
Y. Xie et al., 2015 use a “deep voting” approach in which a network pre-
dicts 2-D centerpoints explicitly instead of an image with pixel classes.

This approach was adapted by Sirinukunwattana et al., 2016 who use
an explicit representation of points internally before evaluating the net-
work loss on an image representation. Such formulations lose the trans-
lation invariance inherent to fully convolutional networks, but are able
to encode cell density constraints into the architecture. Hirsch and Kain-
mueller, 2020 show that a form of centerpoint voting is a useful auxiliary
task when training networks for 3-D segmentation. Sirinukunwattana et
al., 2016 include an explicit representation of centerpoints inside the the
network, while still predicting an image in the final layer which is used
for pixelwise regression and training. Kainz et al., 2015 introduce detec-
tion by “structured regression” and suggest a target kernel which decays
exponentially with distance to the nearest centroid, but use 2D Random
Forests instead of ConvNets. Y. Xie et al., 2018 extend the structured re-
gression approach, adopting the exponential target kernel of Kainz et al.,
2015, but greatly improve results by replacing random forests with a 2-D
residual U-Net. Höfener et al., 2018 evaluate structured regression mod-
els with multiple target kernels on 2-D histology data including pixel-
wise classification of square blocks, 1/x style kernels, and Gaussian.

Centerpoint pixel classification has proved useful in 3-D fluorescence
data. Thierbach et al., 2018 use a centerpoint pixel classification approach
in 3D as the seeds for instance segmentation. Recently, Sugawara et al.,
2021 use a 3D U-net and a “doughnut-style” target kernel to classify
pixels into one of three classes depending on their distance from nuclear
centerpoints. And some work has been done to extend the “structured
regression” approach to detection to 3-D data. Waithe et al., 2016 extend
the density estimation approach to 3D for the first time, using Random
Forests and custom low-level image features.

In recent work Gomariz et al., 2021 use a 3D Bayesian CNN to regress
Gaussian kernels placed at mesenchymal stromal cell centers for de-
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tection with properly calibrated uncertainty information. Finally, Malin-
Mayor et al., 2021 also adopt a very similar approach to ours for cell de-
tection, and further complementing it with an additional network trained
on tracking ground truth to predict cell motion in 3D.

Most detection methods, including bounding-box and centerpoint re-
gression models listed above, include a non-differentiable non-maximum
suppression (NMS) post-processing step which must be calibrated dur-
ing training. End-to-end object detection methods which directly propose
conflict-free sets of detection candidates are an area of ongoing research
(Stewart et al., 2016; Carion et al., 2020), but as of yet lag in performance
vs NMS-based alternatives.

2 .2 motivation

2 .2 .1 weakness of pixelwise classifiers

Probably the most common learning based approach to cell detection
is instance segmentation based on pixelwise classifiers. This approach
classifies every individual pixel, e.g. as “foreground” or “background”
and then to groups the foreground pixels into connected components
representing cells. A common implementation of this approach is Ilastik,
Berg et al., 2019; Sommer et al., 2011. However, such approaches are
sensitive to misclassified pixels on object boundaries, which often lead to
false-merges. Such problems are most extreme when objects are densely
packed together (see fig. 2.1), when the signal-to-noise ratio (SNR) of the
image is low, or when the objects have large surface area.

RAW CLASSIFIER

t₁t₁

INSTANCE
SEGMENTATION
& TRACKING

t₂t₂

F igure 2 .1 Approaches that begin with pixelwise classification tend to merge touch-
ing objects. Red circles show false merges/splits from an instance segmentation obtained
via thresholding the pixelwise classification (middle). Note also how these segmentation
errors lead to downstream tracking errors (red line segments show cell movement). RAW
shows 2D slice from developing D. melanogaster nuclei with fluorescent Histone2B pro-
tein (data from Keller Lab, Janelia Farms via celltrackingchallenge.net).
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It is possible to compensate for some of the problems of pixelwise clas-
sifiers with additional downstream processing. For example Schiegg et
al., 2013 perform joint cell segmentation and tracking, which follows ob-
jects in undersegmented clusters and enforce constraints on the number
of cells in a cluster that accounts for splits, merges and cell divisions.
This clever approach works well if timeseries data is available, objects
mostly remain in the field of view and the object count is relatively sta-
ble, but can be computationally demanding. Alternatively, powerful de-
noising can be applied to make object boundaries less ambiguous, which
we have shown improves downstream pixelwise classification and seg-
mentation (Weigert et al., 2018). Pixelwise classifiers have also been used
in combination with sophisticated object shape models (Richmond et al.,
2015) and/or progressive merging via heuristic shape dependent merge
rules (Blasse, 2016), (Stapel et al., 2016) in order to minimize false merges.
These approaches have limited generality across types of BioImage data
and require complex, custom training procedures. However, pixelwise
classifier based methods remain popular because of their flexibility, easy
training, and because their reliance on simple “scribble annotations”, see
fig. 2.2, makes annotation simple.

2 .2 .2 comparing annotation styles

instance centerpoint dot scribbleparameterized shape

A C

strong weak

DB

Figure 2 .2 Object annotations differ greatly in the amount of information they pro-
vide about the location and geometry of objects in the image. Here place a small set of
the most common annotation types onto a spectrum based on their “strength”, i.e. the
amount of information they encode about object shape. (A) Instance annotations describe
the exact (rasterized) shape of objects. Objects are associated with unique integer labels.
(B) Parameterized shape annotations e.g. ellipsoids and bounding boxes. Allows us to use
continuous valued parameters for sub-pixel precision. But usually is an approximation
of the full instance shape. (C) Centerpoint dot annotations consist of just a single point
located at the “center” of each object. Don’t contain any information about object shape!
(D) Scribble annotations don’t contain any information about individual object instances
at all. They merely group sets of pixels into classes.

Image annotations come in a wide variety of styles, from whole image
descriptors and tags used in image classification tasks, to extremely de-
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tailed instance segmentation pixelwise labels. In Computer Vision bound-
ing box annotations are a popular way to mark the approximate size and
location of objects. For manual cell counting tasks it is common to mark
each cell with a single point near the center. In fig. 2.2 we place a few of
these annotation styles on a spectrum with “strong” instance annotations
occupying the position furthest left while “weak” scribble annotations on
the right are the least informative, but the simplest to create.

Scribble annotations in fact tell us nothing about object instances in the
scene, instead being merely class labels for individual pixels. Despite
this they are often used to train pixelwise classifiers based on Random
Forests (Breiman, 2001) or U-Nets (Ronneberger et al., 2015) which are a
common intermediate model on the way to generating a semantic or in-
stance segmentation. Commonly used tools to visualize and create such
annotations include Labkit (Arzt et al., 2022) and Ilastik (Sommer et al.,
2011).

Centerpoint dot annotations require just a single point annotation at the
center of an object. They are commonly used to count objects and to
track individual cells over time, however, they tell us nothing about the
size and shape of objects. Common software for manual annotation in-
cludes the multipoint annotation tool in Fiji (Schindelin et al., 2012), the
Points Layer in Napari (Sofroniew et al., 2020), or H.S. Peng’s specialized
V3D tool which under certain circumstances enables annotating points in
3D with a single click (Peng et al., 2010). Centerpoint annotations have
the benefit of only minimally obscuring the underlying data when visu-
alized, which is important in densely packed scenes. It is common to use
local max filters to infer approximate object centerpoints in fluorescence
images.

Parameterized shape annotations tell us about object size and location and
provide some amount of shape information, for example using bounding
boxes or ellipsoids. Software tools like AceTree (T. J. Boyle et al., 2006), CAT-
MAID (Saalfeld et al., 2009) and Mammut (Wolff et al., 2018) make it pos-
sible to visualize and edit spheres and ellipse with a combined rendering
of image data and annotations. The StarryNite (Bao et al., 2006) method
detects cell nuclei using a spherical model. Faster R-CNN’s Region Pro-
posal Networks (Ren et al., 2015) and You Only Look Once (YOLO) (Red-
mon et al., 2016) are CNN approaches that return 2D bounding boxes
around objects in natural images. Tracking By Gaussian Mixture Mod-
els (TGMM) (Amat et al., 2014) fits ellipsoids to fluorescent nuclei while
the Generalized Hough Transform (Ballard, 1981) and the CNN based
While StarDist models (Schmidt et al., 2018; Weigert et al., 2020) predict
complex shapes with a large number of parameters.
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Full object instance annotations provide the entire rasterized shape of an
object, usually encoded as images where pixel have integer values cor-
responding to unique object instance ID’s (not intensity values). We can
manually draw such labels with specialized image viewing and annota-
tion tool such as a Napari Labels Layer (Sofroniew et al., 2020). Note, this
requires marking each pixel contained in each cell. Variations exist on
this encoding which permit overlapping objects. Common instance seg-
mentation methods include the traditional heuristic Watershed method
(Beucher and Lantuéjoul, 1979), and modern deep learning based ap-
proaches like Mask R-CNN (He et al., 2017).

Not every type of annotation is appropriate for any type of object. A
spherical parameterized shape model is obviously inappropriate for fil-
aments. Centerpoint annotations might be inappropriate for very large
objects without an obvious center or for long filaments. Instance segmen-
tation annotations are likely not a good fit for objects without well de-
fined boundaries, e.g. cells that blend continuously into the background
or clouds in natural images. Note that both centerpoint dots and pa-
rameterized shapes may actually be a more precise description of object
location or geometry than is possible with pixel-based labels as they are
not subjected to rasterization on the pixel grid. This is exploited in sin-
gle molecule localization techniques used in superresolution microscopy
like PALM (Betzig et al., 2006), STORM (Rust et al., 2006) and DECODE
(Speiser et al., 2020).

In general the different annotation types represent a tradeoff between the
amount of work required to make them and how informative they are
about the scene. This tradeoff is relevant both for biologists who want
to extract knowledge from the scene using the annotations directly, as
well as for BioImage analysts who aim to use the annotations to opti-
mize cell detection and segmentation models. Despite this tradeoff not
all annotations types are created equal, and centerpoint dot annotations
in particular offer a nice balance of easy to create, semantically meaning-
ful, and useful for training further analysis algorithms.

2 .3 the cp-net method

CP-Net is a general purpose, learned method to detect cells and nuclei
based on centerpoint annotations. CP-Net can detect objects across a
broad spectrum of biological image data, including densely packed 3D
tissues, and minimizes false merges that plague approaches based on
pixel classifiers.
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F igure 2 .3 (A) Target images are generated from a combination of raw stacks and
manually created centerpoint annotations according to createTarget(). We extract cen-
terpoints from the predicted image by finding local intensity maxima with findPeaks().
(B) CP-Net is trained on a sequence of image patches to regress target given raw input.
The mean squared error (MSE) is evaluated per-pixel and the gradient of that error is
backpropagated through the network to update the weights in each convolutional layer
(blue).

At its core the CP-Net method is based on an image-to-image convo-
lutional neural network (CNN) which converts each raw image into a
smooth, “structured regression” image where each cell or nucleus is
transformed into a bright blob with a peak at its center. Centerpoints are
extracted from these predicted images by finding local intensity peaks.

In this section we show a comprehensive diagram of the three MaxPool
U-Net architecture we used for all subsequent experiments. We also pro-
vide annotated python code detailing the three main parts of the CP-Net

method: data generation, training, and prediction. Additionally, we pro-
vide python code on the generation of the target images from centerpoint
annotations.
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Figure 2 .4 The architecture for CP-Net is a standard U-Net (Ronneberger et al., 2015;
Çiçek et al., 2016) with three max-pooling layers on the downward path, and convolu-
tional kernels with size 5×5 and 3×5×5 for 2D and 3D data respectively. Our U-Net accept
images, input, with any number channels (n), although all ISBI datasets have n=1. Convo-
lution blocks, conv(a,b), are fully connected across input and output feature dimensions,
a,b. These blocks are parameterized by the number of features chosen in the first layer,
c, which we set to 16 for all experiments. Pooling layers, maxpool, uses a 2×2 window
in X,Y dimensions only. Interpolation blocks, interp, perform a 2×2 nearest-neighbour
upsampling in X,Y dimension only. Tensor concatenation, concat, is performed across
the feature dimension. The result, output, has the same spatial shape as the input, with
one channel and one batch. The theoretical receptive field is 184px (29px) in XY (Z) while
the full-width half-max of the pre-training effective receptive field (Luo et al., 2016) is 51px
(7px) in XY (Z).
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def createTrainingDataSingle(raw, labeled_image, scale):

# Extract centerpoints from integer labeled ground truth images. Be careful
# NOT to scale labeled_image before extracting centerpoints because thin
# labels may disappear!
gt_pts = extractPtsFromLabels(labeled_image)

# Linearly interpolate (downsample) raw image and centerpoints spatial
# dimensions(anisotropically) so objects fit in CP-Net effective receptive
# field (approx 51px XY, 7px Z).
raw_scaled = zoom(raw, scale)
gt_pts_scaled = floor((gt_pts+0.5)*scale-0.5)

# Normalize raw intensity via per-image affine rescaling histogram
# percentiles (2, 99.4) -> pixel values (0, 1). NOTE: No clipping. Allow
# for pixel values outside [0,1] as input to CP-Net.
raw_scaled_normalized = normalizePercentileTo01(raw_scaled)

# Generate target with same shape as raw_scaled
# sigmas = (5,5) in 2D, (3,5,5) in 3D for almost all ISBI datasets
target_shape = raw_scaled.shape
target = createTarget(gt_pts_scaled, target_shape, sigmas)

# Break raw and target into non-overlapping patches small enough that CP-Net
# fits in 8GB GPU memory. Patch size (256,256) in 2D, (16,128,128) in 3D.
# If annotations are INCOMPLETE, throw away patches without any
# centerpoints.
patches = patchesForTraining(raw_scaled_normalized, target)

# Regenerate gt_pts for each patch to avoid border clipping problems when
# computing f1_snn validation score. If annotations are SPARSE, edit `mask`
# to only show target pixels near known annotations.
for p in patches:

p.gt_pts = findPeaks(p.target, nms_shape)
if SPARSE:

p.mask = (p.target > exp(-0.5*(3**2))) ## cutoff at 3 sigma
else:

p.mask = ones(p.target.shape)

savePatchesToDisk(patches)

def findPeaks(img,nms_shape):
plm = skimage.feature.peak_local_max
return plm(img, threshold_abs=0.5, footprint=ones(nms_shape))

F igure 2 .5 Python pseudocode showing overview of CP-Net training data creation
for a single labeled_image. To create full train set we pool across all saved patches and
randomly assign them to train/vali sets with a 7/2 split. scale is the primary parameter
which needs to be adjusted to make cells and nuclei fit inside the receptive field while
nms_shape and gaussian_sigmas are constant across almost all datasets. We downscale
images so that the objects we wish to detect fit easily into CP-Net ’s effective recep-
tive field with a sufficiently large window that the object’s centerpoint can be uniquely
identified. Rescaling images is done with scipy.ndimage.zoom(img,scale) using linear
interpolation (Virtanen et al., 2020). We don’t pre-filter images before rescaling and find
in practice this saves time and does not cause visual aliasing. Properly scaling center-
points to match the image scaling must be done carefully to avoid off-by-one errors. A
centerpoint with coordinate 0 in some dimension typically corresponds to a continuous
coordinate at the center of the first pixel, i.e. at a coordinate of 1/2.
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def createTarget(pts, target_shape, sigmas):
s = array(sigmas)
ks = floor(7*s).astype(int) ## extend support to 7/2 sigma in every direc
ks = ks - ks%2 + 1 ## enfore ODD shape so kernel is centered!

## create a single Gaussian kernel array
def f(x):

x = x - (ks-1)/2
return exp(-(x*x/s/s).sum()/2)

kern = array([f(x) for x in indices(ks).reshape((len(ks),-1)).T]).reshape(ks)

target = zeros(ks + target_shape) ## include border padding
w = ks//2 ## center coordinate of kernel
pts_offset = pts + w ## offset by padding

for p in pts_offset:
target_slice = tuple(slice(a,b+1) for a,b in zip(p-w,p+w))
target[target_slice] = maximum(target[target_slice], kern)

remove_pad = tuple(slice(a,a+b) for a,b in zip(w,target_shape))
target = target[remove_pad]

return target

Figure 2 .6 Python code showing how to create target quickly and precisely, avoid-
ing slow python loops and off-by-one-pixel errors. CP-Net is trained to regress a target
image of uniformly sized gaussian kernels centered on each ground truth object. This
target is the same size as the raw input image, and takes on the value zero everywhere
except for in the vicinity of each centerpoint, where we place gaussian kernels. Target is
described by
target(x) = maxi exp( 1

2 |Σ−1(x − pts[i])|2)
where Σ is a diagonal matrix that allows our gaussian kernel to adapt to the anisotropic
voxel dimensions. This equality ignores the effects of finite domain / support for gaus-
sian kernels, which squishes values 2.19 × 10−3 at 3.5 sigma or greater to zero.
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def loadDataAndTrain():
patches = loadPatchesFromDisk()
if CONTINUE_TRAINING: cpnet.loadWeightsFromDisk()

# initial values for validation metrics
vali_best = SN(mse=inf, height=0, f1=0) # mse, peak height, f1

for i_epoch in range(300):
shuffle(patches.train)
for p in patches.train:

# Augment raw, target, mask and gt_pts with flips across XYZ and
# 90deg XY rotations. Further augment raw with random affine
# transform on intensity with scale in (0.8, 1.2) and shift in
# (-0.1, 0.1).
p = augmentRandom(p)

# Put augmented raw patch through CP-Net.
pred_patch = cpnet(p.raw)

# Backpropagate mean squared error loss and update model weights
# with Adam optimizer.
mse = sum(p.mask*(pred_patch-p.target)**2)
mse.backward()
cpnet.step()

## Compute validation metrics across vali set and save best weights.
vt = array([0, 0, 0, 0, 0]) # "Validation Totals"

for p in patches.vali:
pred_patch = cpnet(p.raw)
pts_patch = findPeaks(pred_patch, nms_shape)

mse = sum(p.mask*(pred_patch-p.target)**2)
height = max(pred_patch)
# symmetric nearest neighbor matching
snn = snnMatching(pred=pts_patch , gt=p.gt_pts)

vt += array([mse, height, snn.TP, snn.T, snn.P])

N = len(patches.vali)
# compute f1 score on combined detections across patches
vali_epoch = SN(mse=vt[0]/N, height=vt[1]/N, f1=2*vt[2]/(vt[3]+vt[4]))

ve = vali_epoch; vb = vali_best;
if ve.mse < vb.mse:

vb.mse = ve.mse; save(cpnet.weights,’weights_mse’)
if ve.height > vb.height:

vb.height = ve.height; save(cpnet.weights,’weights_height’)
if ve.f1 > vb.f1:

vb.f1 = ve.f1; save(cpnet.weights,’weights_f1_snn’)

F igure 2 .7 Python pseudocode detailing how models are trained and loss and vali-
dation scores are computed, including symmetric nearest neighbour matching fig. 2.11.
We use pytorch to construct the model and perform backpropagation and Adam for opti-
mization (Kingma and Ba, 2015). We use Augmend to perform simple augmentations in-
cluding rotations, flips, and affine intensity scaling. We use scikit-image to findPeaks(),
(van der Walt et al., 2014).

https://pytorch.org/
https://github.com/stardist/augmend
https://scikit-image.org/
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def predict():
# Linearly interpolate (downsample) raw spatial dimensions
# (anisotropically) until objects fit in CP-Net receptive field.
raw_scaled = zoom(raw, scale)

# Normalize raw intensity via per-image affine rescaling. Histogram
# percentiles (2, 99.4) -> pixel values (0, 1). NOTE: No clipping. Allow
# for pixel values outside [0,1] as input to CP-Net.
raw_scaled_normalized = normalizePercentileTo01(raw_scaled)
scaled_shape = raw_scaled_normalized.shape

# Like training, prediction is also performed patchwise because of GPU
# memory constraints, but the patches can be larger because we don’t need
# to save tensors at each layer for the backward pass. Raw image volumes
# are tiled into overlapping `patch.outer` slices, and each `patch.outer`
# tile has a `patch.inner` region which is free from border effects. Patch
# sizes are divisible by 8 in XY dimensions to match the discrete
# translational symmetry of CP-Net with 3 MaxPool layers. Patches are not
# reified, instead, to save memory, we return slices which produce patches
# via `img[slice]`
#
# If 3D: patch_shape = (32,400,400); prediction_border = (6,40,40).
# If 2D: patch_shape = (600,600); prediction_border = (32,32).
patch_slices = patchSlicesForPrediction(scaled_shape)

# Apply CP-Net to each patch, remove the region with border effects,
# and paste the result into container.
container = zeroArray(scaled_shape)
for p in patch_slices:

container[p.container] = cpnet(raw_scaled_normalized[p.outer])[p.inner]

# Local peak detection with small, rectangular, non-max suppression with
# nms_shape is [3,]5,5 in [Z]YX. Reject points with peak < 0.2.
centerpoints_scaled = findPeaks(container, nms_shape)

# Invert downscaling to get back to original image size.
centerpoints = floor((gt_pts+0.5)/scale-0.5)

# ISBI Challenge requires removal of objects near image borders.
# `isbi_border` is dataset specific with value 0px, 25px, or 50px.
if FILTER_BORDERS:

centerpoints = filterBorders(centerpoints, raw.shape, isbi_border)

# ISBI Challenge requires a labeled image for DET/SEG evaluation.
# `radius` describes sphere (in real space) which is discretized
# on (anisotropic) voxel grid to make segment labels.
if SEGMENT:

seg_img = placeHardSphereLabels(centerpoints, raw.shape, radius)

# ISBI Challenge requires removal of un annotated objects for three sparse
# datasets: Fluo-N3DL-DRO, Fluo-N3DL-TRIC, Fluo-N3DL-TRIF
if SPARSE:

seg_img = filterOnGtAtT0(seg_img, labels_gt_t0)

Figure 2 .8 Python pseudocode showing how CP-Net inference, transforming raw into
ISBI-CTC-appropriate centerpoint predictions and segmentations.
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2 .4 experiments

2 .4 .1 works on a variety of data types

a

b

c f

F igure 2 .9 CP-Net can detect cells and nuclei across a broad spectrum of microscopy
data. For each panel pair left shows raw image with ground truth (green) and predicted
(blue) centerpoints. Right shows the output of CP-Net . Final centerpoints are local max-
imum of CP-Net prediction. Datasets are from the ISBI Cell Tracking Challenge (Maška
et al., 2014; Ulman et al., 2017). (a) Fluo-C2DL-MSC Rat mesenchymal stem cells with
fluorescent cytoplasmic label. (b) Developing D. melanogaster wing with e-cadherin GFP.
(c) Fluo-N2DH-GOWT1 GFP-GOWT1 mouse stem cells. (d) Fluo-N3DH-CE C. elegans early
embryogenesis with GFP-Histone. (e) Fluo-C3DL-MDA231 MDA231 human breast carci-
noma cells infected with a pMSCV vector including the GFP sequence. (f) PhC-C2DH-U373
Glioblastoma-astrocytoma U373 cells under Phase Contrast microscopy.

In fig. 2.9 we show a sample of cell and nucleus detection applications
on a variety of common types of microscopy data. Note how CP-Net is
able to detect cells with both round and elongated shapes, with nuclear,
cytoplasmic, or membrane based markers in brightfield, phase contrast,
and fluorescence microscopy. Panel (a) shows elongated Rat mesenchy-
mal stem cells with a fluorescent cytoplasmic label. Despite the elon-
gated shape CP-Net is able to provide a reasonable estimate of the loca-
tion of the manually placed annotations. Panel (b) shows Ecadherin-GFP
labeled cell membranes from D. melanogaster wing epithelium. CP-Net
finds centers of cells with varying size and provides good estimates when
boundaries are partially missing. Panel (c) shows GFP-GOWT1 labeled
mouse stem cells. CP-Net is able to detect these cells despite the high rel-
ative background noise levels and the extreme differences in cell expres-
sion levels. Note the lower gamma=0.4 to bring the otherwise invisible
darker cells out from the background. Panel (d) shows the developing
C. elegans early embryo at the 24 cell stage. The GFP-Histone label re-
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veals cells in different phases of the cell cycle and we see that CP-Net is
able to detect nuclei with geometry and appearance associated with each
phase despite low resolution and high background noise levels. Panel (e)
shows MDA231 human breast carcinoma cells infected with a pMSCV-
GFP vector. Here CP-Net is able to find the center of oblong shapes in
3D in heavily oversaturated images. Panel (f) shows phase contrast im-
ages of Glioblastoma-astrocytoma U373 cells. CP-Net is able to find cell
centers despite variety of textures and to distinguish cells from round
background artifacts of similar size and dead cell material (top right).

2 .4 .2 response to label noise and ambiguity
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Figure 2 .10 CP-Net can occasionally correct noisy labels, shifting abnormally off-
center annotations and correcting false merges in the annotations across multiple
datasets. (A) D. melanogaster wing with e-cadherin GFP. Markers (1,2) show how it is
possible for CP-Net to correct false merges in the annotations. (B) DIC-C2DH-HeLa from
the ISBI Cell Tracking Challenge. Marker (3) shows a particularly off-center annotation
being re-centered. Markers (4,5) show annotations which don’t appear to correspond to
any cell creating (False) False Negatives. (C) Fluo-N3DH-CE C. elegans early embryogen-
esis with GFP-Histone rendered with false-colored, depth-encoding max projection to
help distinguish overlapping nuclei. Markers (6,7) show small, apoptotic nuclei from the
four cell stage which are un-annotated, but detected by CP-Net , and will be registered
as (False) False Positives. Markers (8,9,10) show multiple occasions where cell divisions
are annotated with a single point placed half-way between telophase nuclei while divi-
sion is still occurring. CP-Net identifies telophase nuclei individually, often resulting in
two False Positives and a False Negative during waves of cell division. (See section on C.
elegans).

Most bioimage data including datasets from the ISBI Cell Tracking Chal-
lenge contain missing and erroneous annotations, i.e. label noise. Given
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that label noise of some kind will be present in all manually annotated
datasets we need models that are robust to such noise. Label noise present
in the training set sends conflicting signals to the model, while label noise
in the test set gives misleading numerical results which place an upper
bound on the performance of a perfectly trained model. In cases of am-
biguous data some amount of label noise is unavoidable. Challenges like
the ISBI CTC take this into account by having multiple parties provide in-
dependent annotations of each dataset, which allows scoring annotations
for consistency.

fig. 2.10 shows the predictions of a trained CP-Net model on label noise
that was present in the training set. This demonstrates both the ability to
correct label noise, as well as avoid overfitting on a variety of signals and
data types.

2 .4 .3 symmetric nearest neighbors matching score

In order to evaluate the quality of centerpoint predictions we define the
Symmetric nearest neighbors matching (SNNM) between point clouds
and its associated f1, precision and recall scores. The matching is con-
structed by placing a directed edge from each point in the predicted set,
P, to it’s nearest neighbour in the ground truth set, GT, and vice versa.
This creates a directed graph as shown in fig. 2.11 from which we define
a matching between point pairs who mutually point to one another. This
matching is fast to compute, requiring only O(n log n) operations when
using a kd-tree for the nearest neighbour query, and does not require
specifying an arbitrary cutoff distance, but scales naturally with point
density. True positives correspond to matched point pairs, while false
positives correspond unmatched objects from the proposal set (blue) and
false negatives to unmatched objects from the ground truth set (green).
This allows us to define an f1 score on the SNNM, |TP|/(|T|+ |P|), as
well as precision, |TP|/|P|, and recall, |TP|/|T|. We report the f1 score
whenever we have fully annotated ground truth point clouds and the
recall whenever the data is only sparsely annotated.

2 .4 .4 effect of kernel shape

We begin with a simple experiment to help us understand the role of ker-
nel size hyperparameters. Our intuition might suggest that the optimal
kernel size should somehow be related to the size of the objects we want
to detect, but should it be smaller or larger? And how important is this
relationship?
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Figure 2 .11 A definition of the Symmetric Nearest Neighbour Matching and associ-
ated F1 score. Objects are assigned to single nearest neighbour in the alternate set. Only
symmetric neighbour relations, i.e. cycles in the graph, count as matches in this scheme.
One detected object (blue) does not match symmetrically, making it a False Positive. One
ground truth object (green) does not match symmetrically, making it a False Negative.
Thus the SNNM-F1 score for this proposal is 2|TP|

|T|+|P| = 6/8.

In fig. 2.12 we see that detection with CP-Net is surprisingly robust to
changes in kernel size. We also observe that performance is more variable
and convergence is more difficult when the kernel size is small, in partic-
ular for the GOWT1 dataset with relatively larger objects. For intermediate
sized kernels we see that the network’s centerpoint predictions consis-
tently achieve maximal performance, and the predicted kernel shapes
more closely resemble the ground truth target. When target kernels are
very large we see the network struggles to recapitulate the exact shape of
the target kernel. Thus, even though the overlap between target and pre-
dicted kernel is substantial, the normally smooth peak of the kernel be-
comes rough with multiple local maxima, causing overdetection. While
it may in theory be possible to correct this situation by using an alternate
peak finding method (e.g. by fitting a parameterized smooth shape to
the predicted kernel peaks) we prefer the speed and simplicity of local
max filters, and simply avoid this problem by using appropriately sized
kernels.

For both datasets the range over which we have nearly optimal perfor-
mance is very broad, covering at least one order of magnitude between
[1,10]px. This stability is convenient as it often allows us to select the
optimal kernel size by eye on the first try. Beyond 10px performance de-
creases for both methods as noisy kernel shapes lead to overdetection.

The five panel columns correspond to models trained with kernel sizes
σ ∈ [0.44, 1.36, 4.23, 13.12, 40.69]. For the smallest sizes, notice how the
predicted kernel broadens significantly relative to the target, and even
mirrors the shape of the cells in the raw input. For very large kernels
the network struggle with overdetection, see ground truth annotations
(green circles) vs CP-Net predictions (blue crosses).

Intuitively we might try to understand these results in the following way:
Making the kernel smaller will make it harder for the network to guess it’s
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F igure 2 .12 Effect of target kernel geometry and object geometry on the accuracy and
stability of training. We compare detection quality as a function of training kernel size, σ,
for the GOWT1 and PSC datasets. The relatively large cells in GOWT1 (blue) cause unstable
training when the kernel size is small, but not for smaller cells in textttPSC (orange). The
method is robust to choice of σ, with optimal performance over more than one order of
magnitude. Green circle marks show ground truth centerpoints. Blue crosses are CP-Net
predictions.

location (and thus harder for training to converge), but small errors in the
predicted kernel shape are unlikely to lead to misdetections, as the very
sharp peak of the kernel is hard to misinterpret by local max filtering.
For large kernels we have the opposite effect, whereby small deviations
in the predicted kernel location do not have a large effect on the loss,
leading to more stable training, but the network has a harder time predicting
an accurate shape which leads to multiple local maxima per kernel and
thus overdetection.

2 .4 .5 effect of noise in centerpoint location

But what if our annotations are hastily made, imprecise or random? In
fig. 2.13 we simulate imprecise annotations by adding random noise to
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Figure 2 .13 Label noise is simulated by adding a random displacement vector sam-
pled from a circular disk (B) to each original centerpoint annotation before training. In
(A) we plot the SSN detection score (evaluated on GT centerpoints from test set without
noise) as a function of the radius of this disk for the GOWT1 and PSC datasets. While both
datasets are quite robust against this additional label noise we observe that the larger
cells of of GOWT1 provide a stronger robustness against this noise in absolute pixel dis-
tances, although the robustness of PSC is particularly strong relative to its smaller average
object size. Dot and vertical bar show mean and standard deviation evaluated across the
46 (GOWT1) / 67 (PSC) images comprising the test set.

the locations of the existing ground truth centerpoints. We observe that
larger cells allow for sloppier annotations in terms of absolute pixel dis-
tances, but not relative to cell size. Note that the label noise added in
this experiment in in addition to the (considerable) label noise that is
already present in the data. This gives us confidence that we could not
improve our performance by reannotating the dataset. The training for
both datasets is performed with a fixed kernel radius of σ = 4.23, using
2D CP-Net trained with MSE loss.

2 .5 detecting nuclei in 3d

In this section we focus on detecting nuclei in images of developing or-
ganisms. Such data typically consists of many, densely packed cells in
3D in images with poor signal to noise ratio. Progress in microscopy
techniques has spurred a renewed interest in developmental biology, in
particular the introduction of selective plane illumination microscopy (SPIM)
and lightsheet microscopy. However, imaging full organisms requires light
to pass through biological tissue on both the illumination and emission
paths, which results in poor image quality relative to single cell or in
vitro systems. Yet these 3D images and timeseries of embryogenesis con-
tain a wealth of information fundamental to developmental biology in-
cluding how tissues and organisms obtain their shape as well as the
mechanisms of self-organization and patterning in terms of single cells
Keller et al., 2008; Keller et al., 2010; Faure et al., 2016; McDole et al.,
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2018. Furthermore, the large scale (a single SPIM timeseries of a develop-
ing Tribolium castaneum can be several terabytes consisting of hundreds of
timepoints each with thousands of cells) makes pure manual analysis too
slow. These qualities have motivated the creation of a host of specialized
approaches for detection, segmentation and tracking in embryogenesis
data. However, despite their importance, bioimage methods for develop-
ment lag behind methods for smaller, 2D datasets.

2 .5 .1 existing detection methods for embryogenesis

Yasuda et al., 1999 was the first method to focus on automated analysis of
timeseries images of developing organisms. They used a combination of
classical filtering techniques including Kirsch and Prewitt operators, lo-
cal histogram equalization, and local intensity variance characterization
to detect nuclei in 3D+T differential interference contrast (DIC) images.
Hamahashi et al., 2005 used local image entropy filters to improve de-
tection of nuclei in these images, extending the tracking to the 24 cell
stage.

In 2006 Bao et al., 2006 presented the first method which would perform
the automatic detection and tracking of individual cells during a signif-
icant portion of C. elegans embryogenesis, with the goal of automated
cell lineaging (detection and tracking of all cells during embryogenesis).
Their program, Starry Nite, used 3D scanning confocal microscopy data
with a fluorescent histone marker H2B-GFP to make the chromatin of
individual cell nuclei visible against an otherwise dark background. Star-
ryNite fits spheres to these bright 3D blobs to detect individual nuclei,
processing each 3D stack individually. They report 99% detection accu-
racy through the 194 cell stage, but struggled at later stages with missed
nuclei detections (false negatives) due to low signal intensity, high back-
ground noise, and cell crowding.

The emergence of lightsheet and SPIM microscopy in 2006 enabled biolo-
gists to study embryogenesis of a broader selection of model organisms
at spatiotemporal resolution that made cell tracking feasible within cer-
tain windows of space and time. This led to attempts at cell lineaging
in a variety of model organisms including zebrafish, D. melanogaster and
early M. musculus embryos Keller et al., 2008; Keller et al., 2010; Khairy
and Keller, 2011; Keller, 2013.

In 2014 Amat et al., 2014 introduced Tracking with Gaussian Mixture
Models (TGMM), the first approach effective at tracking nuclei across
multiple embryogenesis datasets from different organisms. TGMM uses
a modified expectation maximization (EM) algorithm to fit a mixture of
gaussians to H2B labeled nuclei in developing D. melanogaster, zebrafish,
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and M. musculus which appear as densely packed bright blobs, often
thousands of nuclei per image. These datasets each start at the 1k cell
stage when nuclei are already somewhat homogeneous in size and ap-
pearance. TGMM is not designed to cope with large variability in nu-
cleus size like is present in C. elegans dataset which starts at the one cell
stage.

Bao et al., 2006 and Amat et al., 2014 were designed for fluorescence
microscopy with bright, round nuclei on a dark background. We will
show that CP-Net excels in this scenario, but also works with phase
contrast, brightfield techniques, and with membrane signal.

They were not designed to work with other labels targeting e.g. the cell
membrane or nuclear envelope. Nor were they designed to detect a wide
variety of object shapes (e.g. fibroblasts, motile, or blebbing cells).

In summary, BioImage Analysis for embryogenesis employs heuristic al-
gorithms which focus on specific cases, but thus far no approach has
emerged that demonstrates good performance across a broad range of
datasets. Here we show CP-Net takes step in this direction and how to
deal with a variety of problems characteristic of developmental data.

2 .5 .2 c . elegans nucleus detection

t=0 t=14 t=60 t=100 t=180

Figure 2 .14 Average cell and nucleus size decreases over time as the embryo develops
from a zygote to a hatched larva with over 500 cells. Here we show crops of single nuclei
from the 4-cell stage until the 350-cell stage. White bar is 30px (3µm) across.

As cells divide in the early embryo of C. elegans they also decrease in
size, as the total volume contained by all cells is fixed (see fig. 2.14). This
causes a problem for CP-Net , as the target kernel size should be appro-
priate for the objects we want to detect, but manually adjusting the kernel
size for each cell is tedious and defeats the purpose of using centerpoint
dot annotations. In this section we address two important questions. Can
CP-Net detect differently sized nuclei across the full timeseries of C. ele-
gans embryogenesis, and how much labeled training data is required?

We attempt to answer these questions in fig. 2.15 where we compare four
CP-Net models which differ only in their training data. When working
with a new dataset in the wild we would like to do as little manual
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F igure 2 .15 Plot shows SNNM-f1 detection score for three variations of CP-Net with
distinct training data. (left) In each case we train with annotations from a single frame
shown above. Despite the small number of labels CP-Net is able to generalize over sig-
nificant periods of time during embryogenesis, yet no case is able to perform well over
the entire time series. Both rapidly changing cell size/appearance and low absolute cell
counts contribute to high early time variability. Note early time spikes correspond to
waves of cell division.

annotation as possible, while simultaneously optimizing predictive ac-
curacy. Thus, each of the first three models (t006, t100, t180) uses for
training only a single image selected from three qualitatively distinct
embryonic stages, while the fourth (combo) uses the minimal amount of
data necessary1 to achieve excellent performance. We evaluate the perfor-
mance of these models across every frame of the timeseries and notice
that scores are highly locally correlated in time. As expected, none of
the three single-frame models is capable of good detection performance
across the entire timeseries. When we increase the amount of training
data to seven diverse, hand-picked frames from across the full range
(2,6,30,100,150,180,189) we see the model is capable of good performance
across the board. Note the emphasis on a broad sample of objects leads
to oversample the early timepoints and comes at the expense of a repre-

1 in our limited testing



30 general purpose cell centerpoint detection

sentative sample of all objects. However, perhaps most interesting is the
good early-time generalization achieved by the t006 model despite only
seeing a total of six centerpoint-annotated nuclei during training.

All models used the 3D CP-Net architecture and were trained in the
standard way with MSE loss. Each trajectory shows an average over five
models with identical parameters while varying initial kernel weights
and random training patch sampling.
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Figure 2 .16 Models trained on a single timepoint fail to generalize to distant times.
Training on small cells/late times causes us to over-detect on large cells/early times,
while training on large cells causes us to miss the smaller cells at later times. We show
the predictions from four different models (rows) which differ only in their training data,
and their predictions on three different timepoints from a held-out test dataset (columns).
Over-detections (false positives) are yellow dots, missed detections (false negatives) are
red, and predictions with a match in the ground truth are green.

What is the cause of this poor generalization across time by the three
single-frame models? We investigate this question in fig. 2.16 by looking
at the point predictions by each of the four models from fig. 2.15 at three
test times (not included in train or validation set). Poor performance
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appears largely to be explained by the decrease in average cell size with
time. Thus, models trained on later times and smaller cells overdetect
when predicting on the large cells at the beginning of the timeseries.
The reverse is also true; models trained on early times and larger cells
underdetect when predicting on small cells later in the timeseries.

These experiments show CP-Net is capable of small generalizations across
time and nucleus size, but that the window of generalization is only
about a third of the total timeseries. We also show that the model is ca-
pable of learning from the union of the three training sets which appears
to strictly improve performance across all times.

2 .6 isbi cell segmentation benchmark performance

We evaluate the CP-Net detection model by participation in the ISBI Cell
Segmentation Benchmark which let us compare detection performance
on a broad spectrum of bioimage modalities versus current state of the
art approaches. The challenge hosts twenty datasets including bright
field (BF), phase contrast (PhC), differential interference contrast (DIC),
fluorescence (Fluo) microscopy images of cells and nuclei and includ-
ing a wide selection of model systems. We entered submissions for as
many datasets as possible. The challenge evaluates submissions on both
segmentation and detection quality using SEG and DET scores. Over 50

groups have participated in the challenge since its inception in 2014.

Detection models based on learned convolutional features can be adapted
to new imaging modalities with different low-level image statistics just
by retraining. This gives CNNs an advantage in challenges with a broad
selection of datasets.

CP-Net detects centerpoints only, but does not segment objects. So in or-
der to submit to the challenge we extended CP-Net with the minimum
viable segmentation routine, placing solid spheres at detection sites. The
ISBI CTC requires that detection, segmentation and tracking results are
saved as labeled instance segmentation images. To adhere to this for-
mat we first use CP-Net to detect objects across all images producing
a set of detected centerpoints. Then we create a series of label images
using these centerpoints where each object has the same size and shape,
a sphere which has been rasterized to an anisotropic grid, and in cases
of overlapping objects we assign a label of the nearest centerpoint to the
pixel.
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Figure 2 .17 Point annotations from the ISBI datasets come in three styles determined
by their completeness and density. (A) In completely annotated images every object has
an annotation. (B) In incomplete but densely annotated images there are distinct regions
of complete annotations. (C) Incomplete and sparsely annotated images have a small
number of objects interspersed throughout image. The style of annotations determines
how we generate the training data. It is still possible to learn from incomplete, sparse
annotations if we use a loss which weights pixel proportional to the value of target(x).

2 .6 .1 sparse vs dense annotations

One of the major problems in adapting learned detection approaches
to 3D datasets is the difficulty of creating high quality annotations. In
fig. 2.17 we categorize the annotated developmental datasets from the
ISBIctc into three annotation styles: complete & dense, incomplete &
dense, and incomplete & sparse.

This method of categorization is independent of the geometry or type of
an individual annotation. In general the amount of information in an an-
notation (and the difficulty of creating it) ranges from complete & dense
instance annotations down to sparse & incomplete centerpoint annotations
fig. 2.2.

Dense instance annotations are very difficult to create in 3D for anything
but small image crops. While dense annotations provide strictly more
information per image, they may not be the most efficient use of annota-
tor time! And often it is better to have a larger number of images with
sparse&incomplete annotations than a small number of dense&complete
annotated images. Centerpoint annotations have the advantage of being
easier to create, but even still most datasets fall short of annotating ev-
ery cell, leaving some areas within the image blank. When generating
patches from an image with incomplete annotations we must take care
that the un-annotated objects don’t teach our network bad habits (mis-
lead it into learning the wrong features). Many datasets which claim to
be complete are actually unintentionally missing a small percentage of
annotations, in particular in low SNR, 3D images where the annotation
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process is extremely tedious. On the other hand, our annotator may sim-
ply choose to annotate only a fraction of the objects in the image for
reasons of time and effort. Whether intentional or not, we can think of
missing annotations as a kind of label noise, i.e. during training our net-
work may see two very similar cells in the raw data that have conflicting
annotations. Ideally, we would also be able to train our network in a way
such that it acts as a kind of denoiser for our data, potentially even cor-
recting sloppy or missing annotations within the dataset, (see fig. 2.10).

The simplest approach is to ignore these misannotations, and trust that
our network will learn to correct them. This works when the number of
missing annotations seen by the network is small and their labels are un-
correlated with learnable image features. Training with MSE teaches our
model to converge towards the average target(x) conditional on input
over all training data. When the target values form a bimodal distribution
around target(x) = 1 (correctly annotated) and target(x) = 0 (missing)
our model predictions approximate the weighted average of the samples.
So even with a large fraction of missing annotations we can still expect
our model to produce predictions similar to target, but rescaled depend-
ing on the fraction of missing annotations.

To minimize label noise we ensure that each dataset’s annotations are
sufficiently dense, i.e. that almost all of the objects seen in each patch
have been labeled. And when the data is sparse, e.g. in Fluo-N3DL-DRO,
we apply a pixelwise masking strategy to the loss to help defend against
label noise.

It works by masking all pixels in the loss where target has a value
less than some threshold. The ISBI Cell Tracking Challenge data con-
tains three sparsely annotated datasets: Fluo-N3DL-DRO, Fluo-N3DL-TRIC,
Fluo-N3DL-TRIF. We set the threshold to 3σ based on visual analysis of
the density of cells,

2 .6 .2 training cp-net for isbi csb

We train only on centerpoint annotations and ignore the sparse instance
segmentation gt. The data from both 01 and 02 acquisitions were pooled
together, but otherwise the data for each of the 19 datasets were kept
separate.

Our approach aims to minimize the number of parameters which must
be changed across datasets in the hope of achieving a more robust and
reusable detection methodology. We manually vary a single parameter
(the average cell size) across each dataset, and use it to determine all
other internal parameters automatically. We forbid the use of training
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data from outside the ISBI CTC itself, and use no pretrained weights from
existing architectures. All parameters are either trained from scratch, or
determined automatically from a single, intuitive user-defined variable.
We perform no hyperparameter tuning or optimization outside of the
gradient descent used for training CP-Net .

The training procedure is adapted slightly from section 2.3 to deal with
sparsely annotated datasets. For compact annotations we only keep train-
ing patches which have a significant fraction of nonzero target label. This
treats the unannotated border regions like label noise. For truly sparse
annotations we apply a mask in the loss at 3 sigma in every direction.

See table ?? for specific parameter values for each dataset.

2 .6 .3 visual results on isbi csb

In fig. 2.18, fig. 2.19, fig. 2.20 and fig. 2.21 we show the results of our
model on 2D and 3D data from the ISBI Cell Segmentation Benchmark.
We train a model for each dataset using only the centerpoint annotations
provided in ISBI CSB training acquisitions 01+02 and apply the same
fundamental training scheme described in section 2.3 for all datasets. As
described, when data is sparsely annotated we use a pixelwise weighting
scheme that emphasizes the loss only near annotated objects.

The colored circles mark the boundaries of segmented instances. The
same size circle (oblate spheroid in 3D) is used for every object and
placed at every centerpoint detected by CP-Net . We use the middle time-
point from challenge acquisition 02 for all images, so none of the data
shown in these figures have been seen by the model before. Pixel size is
constant across panels in fig. 2.18 and fig. 2.19 and the figures maintain
single pixel precision in PDF viewers which allow nearest-neighbour in-
terpolation (e.g. Skim on MacOS). Min, max and gamma are manually
adjusted for each panel to make cells and nuclei visible.

The results show that CP-Net functions across a broad spectrum of data
types (all datasets available in the challenge). It is the only model par-
ticipating in the challenge which has submitted results for every dataset.
While the naive segmentation markers are a poor fit for many objects,
they allow us to participate in the challenge using only a cell centerpoint
detection model requiring zero cell segmentation ground truth for train-
ing.

For 2D segmentation results see fig. 2.18. For the 3D segmentation re-
sults we created panels that allow a clear view of segmentation qual-
ity from max projections through the full image volume. For datasets
Fluo-N3DL-TRIF and Fluo-N3DL-DRO which are insufficiently sparse when
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F igure 2 .18 2D Segmentation results from the ISBI CSB, acquisition 02.
(a) Fluo-C2DL-MSC t=24/48. CP-Net struggles on these large, mesenchymal stem cells
that lack clear borders. Small number of cell and ambiguous cases lead to poor scores.
(b) BF-C2DL-MuSC t=688/1376. CP-Net detects non-round cells well here and avoids false
positives despite petri dish background texture with cell-like curves. (c) DIC-C2DH-HeLa
t=57/114. The training annotations are not centered, especially for cells near bound-
aries. This causes off-center predictions which may go unpenalized. (d) PhC-C2DH-U373
t=57/114. Small number of total annotations. Cells have wildly different morpholo-
gies, but CP-Net finds the center. (e) Fluo-N2DL-HeLa t=46/92. Hard to distinguish
two touching cells from large single cell. The low contrast between dim cells and back-
ground causes some FP and FN. Panel uses gamma = 0.36 to help show dim cells. (f)
Fluo-N2DH-GOWT1 t=46/92. Small number of cells, well separated. CP-Net is very good
at dealing with low contrast and noisy background. We use gamma = 0.5 to display dim
cells. (g) BF-C2DL-HSC t=882/1764. Very small, uniform cells with clear, dark boundary
signal. CP-Net has no problem with densely packed cells and avoids false positives on
petri dish edges or background trash. (h) Fluo-N2DH-SIM+ t=69/138. Simulated data with
weak object boundaries. It would be hard to come come up with unambiguous instance
segmentation labels, but the centerpoint is still intuitive. Sometimes individuals look like
multiple smaller objects combined. Gamma of 0.5 to show dim cells. (i) PhC-C2DL-PSC

t=150/300. Very small, elongated, objects. Cells are oversaturated making it hard to find
contrast between densely packed neighbors. No way to find boundaries between touch-
ing objects except for via prior-knowledge of cell shape.

projected along the Z dimension we created separate figures fig. 2.20 and
fig. 2.21 where we randomly sampled individual nuclei to allow for bet-
ter visual inspection.

2 .6 .4 scores on isbi csb

In table table 2.1 we show CP-Net detection results (DET scores) across all
datasets and compare to three alternative methods. The methods in com-
parison are the top three which maximize the sum total of DET scores
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Figure 2 .19 3D Segmentation results from the ISBI CSB, acquisition 02. Each panel
features XY, YZ and XZ views with original anisotropic Z resolution.
(a) Fluo-N3DL-TRIC t=85/170. Very thin, quasi 2D data. CP-Net achieves state of the
art detection on these uniform, round cells despite low contrast and high packing den-
sity. Note according to ISBI convention only the subset of detected cells which have GT
annotation in the first timepoint are highlighted. (b) Fluo-C3DH-H157 t=30/60. Sparse,
round cells with clear boundaries. (c) Fluo-N3DH-SIM+ t=55/110. Simulated cells which
lack clear boundaries and have very low signal to noise ratio. Panel shows overdetection
on apparently apoptotic cell with many bright foci. (d) Fluo-N3DH-CE t=70/140. Data is
highly anisotropic with 11/1/1 voxel aspect ratio. The nuclei are uniform and round
so the oblate spheroid model is a good fit for middle times, but a poor fit at early and
late times as nuclei multiply and shrink. Image quality decreases with Z depth, but CP-
Net detects all nuclei even with very bad SNR at deep Z with state of the art precision.
(e) Fluo-C3DL-MDA231 t=6/12. Very difficult dataset for CP-Net. Low annotation count,
non-uniform and elongated, branching shapes. Cells are heavily oversaturated and vi-
sual boundary cues on cell clusters are hard to find / require looking at object geometry.
Background is noisy and high relative to the most dim cells. (f) Fluo-N3DH-CHO t=46/92.
Large, flat cells with interesting textures. Quasi 2D data again. (g) Fluo-C3DH-A549-SIM
t=15/30. (h) Fluo-C3DH-A549 t=15/30. GFP-actin-stained A549 Lung Cancer cells. CP-
Net avoids false positive detections on cell protrusions.

across all datasets, i.e. methods which are broadly applicable. Across all
17 nontrivial datasets CP-Net has a sum total DET score of 14.8. UP-PT
totals 9.893 using Laplacian of Gaussian (LoG) filter for nucleus detec-
tion but struggles with noisy, low contrast imagery. KIT-Sch-GE totals
11.341 using a 2D slice based instance segmentation with CNNs, but rely
on large amounts of full instance segmentation training data from out-
side of the challenge. KTH-SE-1 totals 9.506 using classical denoising and
smoothing heuristics plus thresholding segmentation, but focuses almost
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Drosophila melanogaster

F igure 2 .20 3D Segmentation results from the ISBI CSB Fluo-N3DL-DRO acquisition 02

timepoint 25/50. Only segmentation label boundaries are shown. We randomly sampled
nine individual predicted instance labels from the image for in depth inspection. The
labels displayed in whole-embryo panel above are only the subset corresponding to the
manual annotations given in the t = 0 ground truth.

exclusively on fluorescence microscopy data and requires specialized op-
timization of 17 parameters. Finally, the current best score on each data-
set is shown in column "Rank #1" which achieves a 16.473 out of a total
of 17.

Also, CP-Net is competitive with the current best performing method in
a few categories, achieving a DET score within the top three methods on
three datasets, Fluo-N3DH-CE (1st), Fluo-N3DL-DRO (3rd) and Fluo-N3DL-TRIC

(1st).

The CNNs enable this broad spectrum performance. Other learning based
methods typically use large amounts of external data for training. All
methods are allowed to visually overfit to the challenge data. This is eas-
ier if you have hyperparameters to tune.

In figure fig. 2.22 we show the dependence of CP-Net DET scores on the
total number of annotations available for each dataset. The dependence
is very clear, and suggests a high upper bound on detection quality, and
that the number of available annotations for a given dataset is the limit-
ing factor for detection quality in most cases.
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Tribolium castaneum

Figure 2 .21 3D Segmentation results from the ISBI CSB, Fluo-N3DL-TRIF acquisition
02, timepoint 38/76. Only segmentation label boundaries are shown. We randomly sam-
pled eight individual predicted instance labels from the image for in depth inspection.
The labels displayed in whole-embryo panel above are only the subset corresponding to
the manual annotations given in the t = 0 ground truth.

2 .7 conclusion

In this chapter we introduced CP-Net a CNN based method for cell and
nucleus detection which requires only single-dot centerpoint annotation
for training. We showed in experiments on datasets GOWT1 and PSC that
CP-Net is robust with respect to annotation noise in centerpoint location
(fig. 2.10) and changes in the kernel size hyperparameter (fig. 2.12). We
showed on various datasets that CP-Net can correct small numbers of
wrong, missing, or ambiguous labels.

We demonstrated its applicability on a number of 2D and 3D BioIm-
age datasets across fluorescence (SPIM and confocal), phase contrast, dif-
ferential interference contrast, and brightfield microscopy. Additionally,
we showed how to adapt CP-Net to work in case of sparsely annotated
datasets.

The high quality achievable by classical heuristics is impressive. It would
be interesting in future work to compare the training procedures of the
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Dataset Rank #1 UP-PT KIT-Sch-GE KTH-SE-1 CP-Net

BF-C2DL-HSC 0.988 — 0.974 — 0.985

BF-C2DL-MuSC 0.982 — 0.977 — 0.927

DIC-C2DH-HeLa 0.961 0.577 — — 0.675

Fluo-C2DL-MSC 0.876 0.482 — 0.851 0.254

Fluo-C3DH-H157 0.988 0.928 0.949 0.988 0.976

Fluo-C3DL-MDA231 0.907 0.788 0.851 0.907 0.767

Fluo-N2DH-GOWT1 0.980 0.862 0.950 0.976 0.907

Fluo-N2DH-SIM+ 0.981 0.901 0.949 0.960 0.846

Fluo-N2DL-HeLa 0.992 0.974 0.992 0.992 0.984

Fluo-N3DH-CE 0.959 0.579 0.930 0.959 0.990
Fluo-N3DH-CHO 0.954 0.819 0.945 0.954 0.883

Fluo-N3DH-SIM+ 0.969 0.806 0.937 0.953 0.912

Fluo-N3DL-DRO 0.988 0.375 — — 0.962

Fluo-N3DL-TRIC 0.994 — 0.961 — 0.994
Fluo-N3DL-TRIF 0.997 — 0.926 — 0.986

PhC-C2DH-U373 0.985 0.889 — — 0.817

PhC-C2DL-PSC 0.972 0.913 — 0.966 0.943

Table 2 .1 Rank #1 shows state of the art DET scores on ISBI CSB as of March 2021.
We compare CP-Net DET scores along with the top three performers as ranked by sum
total of DET scores across all datasets. Method scores equal to or greater than Rank #1

are in bold.

CNN based and classical heuristic based methods in terms of time, sta-
bility, and data efficiency.

The class of CNN models is itself quite broad, and varies in the task
performed and training data required. By using centerpoint annotations
CP-Net has access to a larger pool of annotations without introducing
new data from outside the challenge, either via simulations or new hand
annotation. But it remains an open question whether these "weaker" an-
notations are truly more efficient than the larger, more difficult full in-
stance label annotations in terms of the total annotation time required
to achieve a given detection quality. In future work it would be interest-
ing to compare this annotation time directly while keeping the task and
dataset constant.

The total number of annotations is a critical variable in our method, lim-
iting quality in many cases. However, we have not explored much by
way of data augmentation techniques. It would be interesting to see if
we could enhance the quality of CP-Net predictions by introducing, e.g.
continuous rotations, noise augmentation, cutout, etc.
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Figure 2 .22 The number of annotations available for training CP-Net has a strong
impact on detection performance. The correlation shown here suggests that the number
of annotations is performance limiting for most cases, not model capacity. We perform
standard mirroring and discrete π/2 XY rotations as augmentation for each dataset,
which increases the effective size by a factor of 8 (2D) and 16 (3D) due to the additional
Z-mirroring. Each dataset has two associated acquisitions and we plot their scores sepa-
rately.

Finally, we believe CP-Net demonstrates good performance across di-
verse datasets with minimal parameter tuning due to solid choices with
respect to architecture, task and sampling procedure. These choices allow
CP-Net to operate with reasonable efficiency across a large number of
datasets without any changes to these fundamental hyperparameters.



3T R A C K I N G C E L L S A N D N U C L E I

Tracking cells and nuclei through time has become a critical task in biol-
ogy as it provides insight into cell lineage and cell fate determination as
well as the physics of cell motion, Eils and Athale, 2003; Meijering et al.,
2009; Aigouy et al., 2010; Icha et al., 2016. However current automated
methods of cell tracking are only accurate across a fraction of available
datasets, even with highly tuned, data-specific solutions. In particular
tracking models struggle on 3D+t movies of developing organisms where
hundreds or thousands of cells move in an intricate, coordinated fash-
ion as large imaging volumes and light-sensitive samples necessitate low
frame rates and low spatial resolution.

In part one of this chapter we explore the limits in quality for the simplest
possible tracking model: nearest neighbour tracking. Encouraged by our re-
sults on cell detection in the previous chapter, we combine the CP-Net

detection model with simple nearest neighbour linking to track cells in
various datasets from the ISBI Cell Tracking Challenge. Our results show
competitive tracking performance across a broad spectrum of datasets
despite the simplicity of the linkage model, including 1st place track-
ing scores1 in each of the four datasets of developing embryos including
significant reduction in SoA error rate in most cases. We provide addi-
tional experiments on these datasets to estimate the maximum tracking
quality achievable with nearest neighbour tracking for the case of perfect
detection. Together, these results demonstrate that it is possible in most
cases to achieve high quality tracking by increasing the accuracy of the
detector without complex modeling of cellular motion. This has impli-
cations for determining the right tradeoff between model sophistication,
implementation complexity, and runtime of linking models.

In part two of this chapter we introduce a novel extension to the tracking
by assignment paradigm (Kausler et al., 2012) for the purpose of includ-
ing prior knowledge of spatial correlations in cell motion, e.g. tissue flow
during gastrulation, muscular contractions, or cell crowding. We perform

1tied for first place on the Fluo-N3DL-Dro fly dataset
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experiments on two datasets exhibiting correlated motion of neighbour-
ing cells and demonstrate significant improvements in accuracy com-
pared to standard nearest neighbour and tracking-by-assignment base-
lines.

Contributions

1. Evaluate a simple nearest neighbour tracking model + CP-Net de-
tection in the ISBI Cell Tracking Challenge (CTC), leading new SoA
tracking scores on multiple datasets.

2. Introduce a new cell tracking model which incorporates a spatially
coherent movement prior into the well studied tracking by assign-
ment framework.

3 .1 related work

When, in 1983, John Sulston tracked the 3D motions of the hundreds of
dividing cells during C. elegans embryogenesis (Sulston et al., 1983) he
did not have the luxury of digital imagery allowing him to scroll back
and forth through time, specialized software like Fiji, TrackMate and Ma-
MuT (Schindelin et al., 2012; Tinevez et al., 2017; Wolff et al., 2018) for
annotating cells in images, or automated tracking models like StarryNite
or TGMM (Bao et al., 2006; Amat et al., 2014) to jump start the process.
These technologies have made it possible to track large numbers of cells
through their complex 3D motions, yet still cell tracking remains highly
labor intensive and poses a significant bottleneck to our understanding
of many important biological processes like embryogenesis, cell fate de-
cision making and regeneration (Amat and Keller, 2013).

In 2006 Zhirong Bao in the lab of Robert Waterston released StarryNite
(Bao et al., 2006), the first broadly successful attempt at fully automatic
3D tracking of cells during embryogenesis. Their approach to detection
relied on the ellipsoidal appearance of cell nuclei in florescence images
when viewed as a slice through the Z dimension. Tracking began with
a nearest neighbour linking approach, followed by a heuristic correction
process when three or more children are mapped to the same parent
based on parent nucleus shape (mitotic nuclei are no longer spherical)
and age (successive divisions separated by less than N frames are un-
likely). The program, in a fully automated mode, was able to achieve
good performance up through the 194-cell stage with reported detection
and division accuracy of 99%/97% respectively, but struggled at later
stages with missed nuclei detections (false negatives) due to low signal
intensity, high background noise, and extreme cell crowding.
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F igure 3 .1 John Sulston visually tracked the embryogenesis of the C. elegans larva
with Phase Contrast microscopy to create the first embryonic cell lineage of a model
organism. Right: The notation he created to remember the time, location and orientation
of each cell division, required to reconstruct the cell lineage. (Wellcome Images under
CC BY 4.0).

In 2012 and 2013 Bernhard Kausler and Martin Shiegg in the lab of Fred
Hamprecht developed tracking by assignment, an extended graphical mod-
els for object tracking to the case of an unknown number of dividing tar-
gets, making the model suitable for tracking cells in microscope videos
Kausler et al., 2012; Schiegg et al., 2013. This family of models is com-
posed of an initial detection phase followed by the global optimization
of an intricate graphical model capturing the relative probabilities of cell
movement, division, and apoptosis as well as incorporating and correct-
ing for potential undersegmentation resulting from the detection phase.
Inference in this graphical model correspond to the solution of an integer
linear program (ILP), an NP-Hard but well studied computational prob-
lem. The tracking by assignment paradigm was then extended in 2014 to
include new data-specific constraints by Florian Jug such as positional or-
der in the case of bacteria artificially constrained to move only in a single

https://creativecommons.org/licenses/by/4.0/
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spatial dimension Jug et al., 2014. Corinna Blasse and Florian Jug would
continue to push tracking by assignment through the introduction graph
morality constraints in 2016 for the case of membrane tagged epithelial
cells which may be heavily over segmented, allowing the joint optimiza-
tion of both cell segmentation from cell fragments and cell tracking to a
global maximum across time, Jug et al., 2016.

In 2014 Fernando Amat in the lab of Eugene Myers released Tracking
with Gaussian Mixture Models (TGMM) which would be the first widely
cited tracking model performant enough to track thousands of cells in
real time and capable of generalizing across multiple model species,
(Amat et al., 2014). The model generates a compressed, supervoxel repre-
sentation of the data then greedily fits unnormalized Gaussians to fluo-
rescent nuclei. Nucleus position and orientation is extrapolated from the
previous time point and relaxed to a new optimum using Expectation
Maximization cite as well as heuristics to decide when the number of
Gaussians (nuclei) in the model should increase or decrease.

In 2015 Klas Magnuson in the lab of Helen Blau published an approach
to tracking cells in which optimal “tracklets” following the motion of an
individual cell are constructed via the Viterbi algorithm and then added
greedily to the full solution, (Magnusson et al., 2015). This approach,
combined with heuristic cell and nucleus detection based in classical im-
age filters was applied to all datasets in the ISBI Cell Tracking Challenge
and remains the best performing method on average even six years later,
despite the rise of machine learning and the increasing number of chal-
lenge participants.

In 2018 Jan Funke of Janelia Farms and Lisa Mais in the lab of Dag-
mar Kainmüller showed how deep learning techniques designed for the
problem of 3D neuron segmentation in electron microscopy images (EM)
can be used to segment and track tightly packed 2D epithelial cells with
fluorescent membrane by treating it as a pure 3D segmentation prob-
lem resulting in cell tracks through spacetime that resemble a cascade
of branching neurons, (Funke et al., 2018). Also in 2018 Christian Payer
of TU Graz offered a similar approach to fully differentiable tracking
of 2D cells via 3D segmentation, (Payer et al., 2018). They use recurrent
networks to predict a high dimensional vector for each pixel which is en-
couraged to diverge from its neighbors along object boundaries through
a cosine embedding loss. Object instances are then segmented jointly in
space and time using a fast clustering algorithm Ester et al., 1996. De-
spite these successes cell tracking is still treated predominantly as a dis-
crete problem utilizing more traditional tools from computer science and
optimization.
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3 .2 nearest neighbour tracking

Methods for cell tracking are often categorized into detect-then-link ap-
proaches such as Bao et al., 2006; Bise et al., 2011; Magnusson et al., 2015;
Kausler et al., 2012; Schiegg et al., 2013 and model-evolution approaches
such as K. Li et al., 2008; Smal et al., 2008; Amat et al., 2014; Dzyubachyk
et al., 2010. Detect-then-link approaches enable the use of pre-existing
object detection or segmentation models which can be applied indepen-
dently to each time point followed by a linking step in which physical
actions (e.g. movement, division, appearance, apoptosis) are assigned as
relationships between detected cells. In every case the goal of cell track-
ing is to obtain a graph of relationships (edges) between cells (vertices)
over all timepoints.

The nearest neighbour tracking method is a detect-then-link approach
that works as follows:

For every detected object form a vertex in the graph. For every pair of
consecutive times (t, t + 1) and for every detected object d in frame t + 1
add a directed edge d′ → d pointing to d from it’s nearest Euclidean
neighbour d′ in the preceding frame t.

This algorithm is about as simple as one could imagine for the task of cell
tracking, but it has a number of undesirable properties. It allows for a par-
ent cell to have more than two daughters, and for spontaneous apoptosis
even in very young cells, it doesn’t allow for spontaneous cell appearance
through image boundaries or for re-connecting a cell lineage when it is
broken due to temporary misdetection2. However, it has the advantage
of being parameter free and fast when using appropriate data structures,
e.g. KD-Trees, for the nearest-neighbour query. These properties, in addi-
tion to the simplicity of implementation, make nearest neighbour track-
ing a useful approach to linking in datasets with low spatial density or
slow moving cells. In fact, if we could rely on the detector to locate ob-
jects perfectly, then nearest neighbour tracking would correctly link each
pair of cells whose displacement between frames was less than half the
distance to its nearest neighbour in the preceding frame. Thus, we ask the
question, what fraction of cell displacements in real datasets actually meet this
condition? This will give us an upper bound on the linking performance
we can expect from this simplest-possible linking approach.

2Misdetections are even sometimes unavoidable, e.g. when using fluorescent lamin nuclear envelope markers
during breakdown of the nucleus in metaphase the signal may disappear completely.
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3 .2 .1 upper bound on linking performance

We can answer this questions by using Ground Truth (GT) tracking data
from the ISBI CTC, keeping detections fixed, but removing GT links.
Then we re-link the GT detections using the nearest-neighbour linking
algorithm. The re-linked solution is compared against the GT using the
TRA tracking metric.

the tra tracking score

In order to score the performance of of a tracking method we use the
TRA score. The TRA score was originally employed by the ISBI Cell Track-
ing Challenge (CTC) in 2014 as a way to determine tracking quality that
took into account the labor required to manually correct an imperfect
solution. The Cell Tracking Challenge consists of 19 2D and 3D datasets
with acquisitions spanning both cell and developmental biology using
bright-field, differential interference contrast, phase contrast, and fluo-
rescence microscopy. The set of tasks is the same across each datasets:
detect, segment and track every cell. Ground truth detection, segmenta-
tion and tracking labels are provided for two “training” timeseries, with
official scores handed out for performance on two test datasets which
have no accompanying ground truth. This challenge has been ongoing
since 2014, with scores updated every month and publicly available and
visible at celltrackingchallenge.net.

The standard TRA tracking measure (Matula et al., 2015) is a weighted
average of detection and linking errors derived from the Acyclic Oriented
Graphs Matching Measure, (AOGM), (Matula et al., 2015),

TRA = 1 − min(AOGM, AOGM0)/AOGM0 (3.1)

with

AOGM = 5.0NS + 10.0FN + 1.0FP + 1.0ED + 1.5EA + 1.0EC

AOGM0 = 10.0FN + 1.5EA

using variable semantics,

• NS non-split (undersegmentation)

• FN false negative detections (node addition)
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• FP false positive detections (node deletion)

• ED edge deletion (false positive edges)

• EA edge addition (false negative edges)

• EC edge change semantics (a division to a translation or vice versa).

The GT is represented by an image containing small rectangles placed at
the center of each ground truth object and with a pixel value correspond-
ing to a unique ID for each object. The relationships between objects
are stored in an auxiliary piece of data that defines the lineage tree. A
relation is defined between the set of proposed objects and the set of
ground truth objects by connecting each pair where more than half of
the GT marker pixels overlap with the proposal. When the relation be-
tween a proposed object and the ground truth is 1-to-1 then we have a
true positive; when this relation 1-to-many then we have a non-split pro-
posal. 0-to-1 and 1-to-0 mappings correspond to false negatives and false
positives respectively. The resulting score is bounded, TRA ∈ [0, 1], with
a value 1 received for perfect agreement between the proposed tracking
solution and the GT.

experiments on ground truth centerpoints

Using data from the Cell Tracking Challenge (CTC) we were able to
compare the TRA scores obtained using nearest neighbour linking tech-
niques using ground truth from the training set with those of the best
publicly available methods on the highly similar, but not identical, test
datasets. Three of the nineteen datasets (Fluo-N3DL-DRO, Fluo-N3DL-TRIC,
Fluo-N3DL-TRIF) only provide sparse tracking annotations, thus decreas-
ing the apparent density of cells and making the task of linking ground
truth objects artificially simple. The datasets Fluo-C3DH-A549 and Fluo-

C3DH-A549-SIM were removed as they only contain a single cell and there-
fore are guaranteed perfect TRA scores given ground truth cell locations
no matter what linking method is used. In the table below table 3.1 we
show TRA scores on the remaining 14 training datasets, along with cur-
rent state of the art tracking scores from celltrackingchallenge.net which
is an average over two withheld test datasets. We additionally include
a baseline in which links are randomly assigned between pairs of cells
from consecutive timepoints. Note, the TRA score is a weighted sum over
errors. And in particular it’s important to remember that the punishment
for False Negatives is much greater than that for False positives. For this
reason the lower bound on TRA resulting from random linking is actu-
ally quite high for all datasets when we use GT detections, as there are
zero costly FN detections.
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Dataset Rank #1 Nearest Neib Random Links

BF-C2DL-HSC 0.978 0.9958 0.8079

BF-C2DL-MuSC 0.971 0.9900 0.8311

DIC-C2DH-HeLa 0.955 0.9981 0.8020

Fluo-C2DL-MSC 0.873 0.9942 0.8238

Fluo-C3DH-H157 0.987 0.9907 0.8523

Fluo-C3DL-MDA231 0.882 0.9944 0.8048

Fluo-N2DH-GOWT1 0.979 0.9983 0.7937

Fluo-N2DH-SIM+ 0.975 0.9994 0.7917

Fluo-N2DL-HeLa 0.991 0.9982 0.7855

Fluo-N3DH-CE 0.945 0.9987 0.7844

Fluo-N3DH-CHO 0.953 0.9944 0.8143

Fluo-N3DH-SIM+ 0.967 0.9997 0.7923

PhC-C2DH-U373 0.982 0.9979 0.8181

PhC-C2DL-PSC 0.966 0.9993 0.7847

Table 3 .1 Rank #1 corresponds to state of the art TRA score from the ISBI CTC. Near-
est neighbour linking connects each ground truth centerpoint annotation at t to its near-
est neighbour at t − 1. Random linking connects each centerpoint at t to a random cen-
terpoint at t − 1. Scores are an average over 01 and 02 acquisition datasets.
Nearest neighbour (NN) tracking on ground truth (GT) centerpoints allows us to deter-
mine the relative importance of detection vs linking steps in two-phase tracking models.
We find that nearest neighbour linking on GT centerpoints obtains near perfect TRA
scores on every dataset. We include the top TRA score from the leader board at celltrack-
ingchallenge.net, which shows real cell detection and tracking performance on hidden
challenge data.
The baseline TRA score is very high (around 0.8) even for random linking on GT detec-
tions, because TRA penalizes heavily for missed detections.

There are a few lessons to learn from this experiment if we allow our-
selves to assume that the training data is representative of the hidden
challenge data. First, the relatively high scores of the nearest neighbour
based techniques tell us that cells in these data are either not very densely
packed, or they don’t travel very far in between frames, thus intricate
models of cellular motion are not required for high TRA scores. Complex
motion models may still be useful if we e.g. wish to focus on a particular
subset of rare events, e.g. on cell divisions where the motions of cells
are more rapid. Further, we cannot conclude from these data that near-
est neighbour methods are on their own sufficient for good TRA scores,
but rather that the focus of linking models in these data should be on
correcting detection errors rather than modeling and predicting cellu-
lar motion and appearance. Finally, we can not rule out that for more
densely packed and fast-moving cells (e.g. developing embryos during
gastrulation) models of cellular motion or appearance may indeed be
necessary.
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Additional implications are that we can improve TRA scores simply by
improving our detector, almost indefinitely. This also has implications
for the tradeoff between time spent in creation of detection and tracking
ground truth data, in particular that it may be advantageous to anno-
tating diverse objects to better train a detector instead of annotating the
same object across time to create tracking ground truth.

3 .2 .2 isbi cell tracking challenge

In this section we will investigate the performance of nearest neighbour
linking (NN) on ISBI CTC data using CP-Net detection. We submitted
the combined model, CP-Net+NN, to the ISBI CTC challenge where it was
evaluated on two acquisitions for each of the 19 available datasets, and
we received DET, SEG and TRA scores for each dataset as well as a ranking
for each (dataset, metric) pair.

We view this model as a naive “minimal viable tracker” which optimizes
for speed and simplicity. It attempts to reduce the number of unintu-
itive or opaque hyperparameters to a minimum, choosing instead mod-
els with parameters that can be learned efficiently from ground truth
annotations (using gradient based optimization) or which are obvious
enough that they can be chosen by eye, e.g. characteristic cell size, which
allows us to avoid brute force hyperparameter optimization.

method details

The method

1. Rescale XY[Z] spatial dimensions (anisotropically).

2. Normalize raw image intensity via affine rescaling the 2nd and
99.5th histogram percentiles to 0,1 respectively.

3. Produce a sparse, noise free image of approximate cell centerpoint
locations with CP-Net .

4. Extract precise centerpoint locations using local peak finding with
spherical non-maximum-suppression.

5. Repeat steps 1..4 for every timepoint.

6. Track cells by linking centerpoints with nearest neighbour linking.
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Dataset Rank #1 KIT-Sch-GE KTH-SE-1 UP-PT CP-Net+NN

BF-C2DL-HSC 0.978 0.929 — — 0.975

BF-C2DL-MuSC 0.971 0.967 — — 0.911

DIC-C2DH-HeLa 0.955 — — 0.578 0.662

Fluo-C2DL-MSC 0.873 — 0.839 0.478 0.250

Fluo-C3DH-H157 0.987 0.948 0.987 0.931 0.968

Fluo-C3DL-MDA231 0.882 0.820 0.882 0.769 0.747

Fluo-N2DH-GOWT1 0.979 0.949 0.976 0.875 0.902

Fluo-N2DL-HeLa 0.991 0.989 0.991 0.972 0.982

Fluo-N3DH-CE 0.945 0.886 0.945 0.542 0.986
Fluo-N3DH-CHO 0.953 0.948 0.953 0.820 0.878

Fluo-N3DL-DRO 0.785 — — 0.325 0.785
Fluo-N3DL-TRIC 0.942 0.809 — — 0.951
Fluo-N3DL-TRIF 0.886 — — — 0.954
PhC-C2DH-U373 0.982 — — 0.883 0.809

PhC-C2DL-PSC 0.966 — 0.959 0.898 0.932

Fluo-N2DH-SIM+ 0.975 0.945 0.957 0.896 0.842

Fluo-N3DH-SIM+ 0.967 0.933 0.950 0.802 0.907

Table 3 .2 Rank #1 shows state of the art TRA score on ISBI CTC as of Dec 2021. We
compare our TRA scores with the CP-Net+NN model along with the top three performers
as ranked by sum total of TRA scores across all datasets. Method scores equal to or
greater than Rank #1 are in bold.

For a full description CP-Net architecture and optimization see section 2.3.

The nearest-neighbour tracking is parameter free. Each detection result-
ing from CP-Net is taken as-is, and linked to it’s nearest parent object
in the preceding frame using a Euclidean distance metric that takes into
account anisotropic voxel sizes in 3D data.

results

A high level table of results from this experiment is shown in table 3.2
which includes our TRA scores for each dataset as well as scores from
competitors. The full performance data for every competing method is
publicly available, which allows us to compare head to head against
the top three tracking methods (KIT-Sch-GE, KTH-SE (1), and UP-PT)
as ranked by the sum total of TRA scores across all datasets. Addition-
ally we include “Rank #1”, the current top TRA score on each dataset as
the state of the art.

In general, the performance of our method, CP-Net+NN, is highly vari-
able across datasets, ranging from state of the art (Fluo-N3DH-CE, Fluo-
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N3DL-DRO, Fluo-N3DL-TRIC, Fluo-N3DL-TRIF), to relative failure (DIC-
C2D-HeLa, Fluo-C2DL-MSC). In fig. 3.2 we show the relationship be-
tween the per-acquisition DET score (there are two acquisitions per data-
set) and the number of centerpoint annotations that were available for
training the CP-Net model. Clearly the number of annotations is a criti-
cal factor in determining the DET score, and because TRA is largely de-
termined by DET the number of annotations is critical here as well. The
variance in DET and TRA performance across acquisitions also decreases
as the number of annotations is increased. DET and TRA obey a strict 1-1
relationship across all datasets with three exceptions: Fluo-N3DL-DRO,
Fluo-N3DL-TRIF, and Fluo-N3DL-TRIC. Each of these three dataset con-
tain one acquisition that purposefully focuses on a period during em-
bryonic development when cells are moving rapidly, e.g. germ band ex-
tension in the case of the drosophila dataset, Fluo-N3DL-DRO, and dor-
sal closure including the elimination of the amnioscerosa in the case of
Fluo-N3DL-TRIF and Fluo-N3DL-TRIC. The rapid movement appears to
make tracking cells much more difficult and is reflected in a significant
decrease in TRA scores in the one acquisition with faster moving cells.

CP-Net+NN is an interesting baseline for the tracking performance that
is possible when we don’t use any ground truth data from outside the
ISBI CTC for training and when we use the most naive linking possible.
CP-Net+NN does not use the linking step to find missing detections, look
for gaps in the cell lineage, or identify false positives. This method has no
optical flow or any heuristics to deal with coordinated motion or large
displacements. There are no constraints on the number of children pos-
sible in a division, on the geometrical relationships between parent and
daughter cells, or on the time allowed between successive divisions.

Contrast with other algorithms
Here we cover the details of linking for the three methods KIT-Sch-GE,
KTH-SE-1, and UP-PT. Each of these three methods use a detect-then-link
approach to cell tracking. Their approaches to detection have already
been detailed in section 2.6. KTH-SE-1 achieves state of the art overall
tracking scores on multiple datasets by combining a heuristic, filter-based
detector containing many tuneable parameters with a linker that iterates
the Viterbi algorithm to add tracklets to the solution greedily.

The other methods use some kind of hyperparameter optimization, of-
ten brute force search. KIT-Sch-GE uses deep learning for segmentation
based on distance-to-boundary regression and trains on external full in-
stance segmentation data. For tracking they implement a modified ver-
sion of Padfield et al., 2011 that formulates the tracking on pairs of im-
ages as a “coupled” min-cost flow problem which can be solved via Lin-
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Figure 3 .2 The number of annotations available for training CP-Net has a strong
impact on detection performance (left), which in turn largely determines tracking per-
formance (right). Each dataset has two associated acquisitions and we plot their scores
separately. Interestingly, three of the datasets (Fluo-N3DL-DRO, Fluo-N3DL-TRIF, and
Fluo-N3DL-TRIC) feature one acquisition with rapid, directed cell movements arising
during gastrulation or germ band extension, and a second acquisition with slower move-
ments but more cell divisions. In each case the rapid cell movements cause a substantial
decrease in tracking performance, both relative to DET scores as well as to TRA scores
on the other acquisition with slow, undirected cell movements.

ear Programming UP-PT uses LoG filter + thresholding with 14 parame-
ters total.

Conclusions Despite these failure cases, our approach is to our knowl-
edge the first which has attempted to provide a tracking solution for all
datasets. While it may be unsuitable for some data in its current form,
we believe this method potentially provides a simple basis on which to
build a truly general purpose cell tracking algorithm.

We believe our method occupies a unique position, a sweet spot, in the
space of methods that balances accuracy with broad applicability and
simplicity of application. There are several reasons, which, when taken
as a whole, make this point. First, the raw input is processed exclusively
by a convolutional neural network, which is capable of learning low
level features appropriate for each microscope modality featured in the
challenge including fluorescence, phase contrast, differential interference
contrast, simulated data and bright field. Second, CP-Net only requires
(potentially sparse) centerpoint dot annotations for training which are
included with each dataset. Third, there are a very small number of hy-
perparameters, each of which can be chosen either by visual inspection of
the raw data, e.g. average-size-of-cells, or extracted from the metadata, e.g.
voxel-anisotropy and the sparse-annotations flag. Finally, the inference time
of the method is fast, with the forward pass of the CNN on the GPU as
the rate limiting step, usually in our experiments at about 10Mpix/sec3.
NN tracking can be streamed on pairs of frames as CNN prediction oc-

3training requires backpropagation and runs at 1 2 Mpix/sec
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curs on consecutive timepoints, and at normal cell densities has no effect
on the marginal processing rate. This means there is still some room for
more computation (especially during linking) to improve accuracy while
maintaining high throughput.

The tracking results from this experiment vary significantly in quality.
While the quantity and quality of CP-Net training data clearly plays
a role in determining tracking quality, there is also a role for cell shape
(small and round is best) and type of microscopy (fluorescence microscopy
is best). More sophisticated linking models can often bridge gaps in de-
tections or correct for individual false negative or positive detections,
thereby improving detection accuracy. As nearest neighbour linking does
none of these things, we expect it to pay a price not just in tracking accu-
racy (TRA) but also in detection accuracy (DET). But when we combine a
general purpose cell detector CP-Net with fast and simple to implement
nearest neighbour linking we get a model that can be evaluated fairly
across a broad range of datasets, allowing it to serve as a baseline.

3 .2 .3 experiment - pretrained model on tribolium

In fig. 3.3 we briefly demonstrate the ability of pretrained CP-Net model
to generalize to new acquisition data from the same organism. We were
able to use CP-Net pretrained on the Fluo-N3DL-TRIF dataset to track
H2B labeled nuclei on new, in-house light sheet microscopy data of de-
veloping T. castaneum directly without any further training / fine-tuning
or hyperparameter optimization.

3 .3 tracking with velocity gradient costs

In this section we introduce novel “velocity gradient costs” to the Track-
ing By Assignment framework which improve performance in the pres-
ence of large, spatially coherent movements, e.g. muscular contractions
or tissue flow during embryogenesis. We implement this model and
demonstrate a significant improvement in tracking fluorescence images
of nuclei in the planarian worm Schmidtea mediterranea which suffers
from intermittent muscular twitching. Additionally, we show how veloc-
ity gradient costs enable tracking of clustered motile breast cancer cells
at significantly reduced framerates.
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Figure 3 .3 Here we test a model trained on ISBI dataset Fluo-N3DH-TRIF and applied
to in-house data of T. castaneum embryogenesis without any finetuning or adjusting of
hyperparameters. While the nuclei have generally similar appearance to the human eye,
and both datasets were acquired with lightsheet microscopes, the image quality differs
significantly. This shows that at least in one case CP-Net is capable of generalizing to a
new dataset that has very different image statistics.

3 .3 .1 motivation and related work

Tracking by Assignment (TbA) from Kausler et al., 2012 is a popular
model for cell tracking made widely available through the Ilastik soft-
ware (Sommer et al., 2011; Berg et al., 2019).

In standard TbA we first attempt to detect a superset of possible objects
in each frame of the timeseries. Then we build a Chain graph (Fryden-
berg, 1990) with a node for each potential detection and a directed edge
between pairs of nodes in subsequent frames which capture a super-
set of potential temporal relationships, i.e. edges describe possible cell
movements. Each node and edge is assigned a binary hypothesis vari-
able and a cost depending on its likelihood given the data, and we ob-
tain a tracking by keeping only a valid subset of these nodes and edges
which minimizes the sum of costs and does not violate any of a large set
of constraints, e.g. a cell division must result in exactly two daughters.
This problem can be formulated as an Integer Linear Program (ILP), an
NP-Hard but well studied problem in mathematical optimization, and
solved to global optimality using widely available optimization software
such as Gurobi Gurobi Optimization, LLC, 2022, CPLEX (Cplex, 2009)
or COIN-OR (Lougee-Heimer, 2003). Recently fast approximate solvers
have been proposed (Haller et al., 2020) specifically targeting the cell-
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tracking with TbA models reducing computation time and memory, and
enabling the solution of larger tracking problems.

The separation of the detection and linking phases, and the abstract for-
mulation in terms of a chain graph makes the TbA model highly flexible,
and multiple variation on the original model have appeared introduc-
ing new assignment variables, costs or constraints specifically adapted
to unique datasets. For instance Schiegg et al., 2013 enables tracking un-
dersegmented clusters of cells while ensuring that the number of cells
in each cluster is properly accounted for. Jug et al., 2014 includes prior
knowledge of the specific geometry of the experimental setup as a con-
straint to maintain the spatial order of cells in a narrow, cylindrical cap-
illary while allowing for cell divisions. Jug et al., 2016 enables joint seg-
mentation and tracking by introducing a “morality” constraint on neigh-
bouring superpixels which removes invalid cell merges from the solution
space.

But TbA struggles when cell displacements are very large relative to the
inter-cell spacing and there is little variation in cellular appearance. In
this context, the matching may be ambiguous and the problem ill-posed
without a regularizer on the displacement field. Approaches which nat-
urally incorporate such regularizers e.g. point-set matching or non-rigid
image registration techniques may seem a better fit. Non-rigid image
registration methods easily incorporate smoothness in the form of regu-
larizers on the gradient or Laplacian of the continuous displacement field
(Cahill et al., 2009a; Cahill et al., 2009b; Thirion, 1998). Also, two-phase
algorithms which optimize, alternately, a smooth, non-rigid spatial trans-
formation followed by a discrete matching have been used in atlas-based
registration. E.g. Qu et al., 2011 use thin plate splines to enforce spa-
tially smooth displacement fields before performing a discrete matching.
Also, Kainmueller et al., 2014 perform atlas-registration using two-phase
optimization of an affine transformation followed by a discrete match-
ing energy very similar to ours which includes a cost for local pairwise
differences in the displacement of neighbours. But thus far smooth dis-
placement fields have not been incorporated directly into the tracking by
assignment framework.

The typical solution in the context of cell tracking is to include a separate
optical flow computation on pixels or superpixels prior to linking and as-
signment of object relationships. Blasse uses a technique from computer
vision Sun et al., 2010 to compute optical flow of cell movements dur-
ing hinge contraction in the wing epithelium of D. melanogaster (Blasse,
2016). Also, Amat develops a custom approach to optical flow computa-
tion designed for whole-embryo tracking during early development and
gastrulation (Amat et al., 2013).
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Once optical flow has been computed, one can then use the dense flow
field to predict the position of each object projected into the next frame.
The positions of objects at time t can be extrapolated to t + 1 and then
the standard, distance based assignment costs can be computed from
the new positions. The advantage of the optical flow based approach is
that patterns in the image intensity which do not correspond to detected
objects, e.g. dead cells or extracellular material, can still be used to infer
the overall flow field, and incorporating smoothness regularization is
straightforward.

But typically, optical flow lacks any biological knowledge about the ob-
jects in the field of view, which can lead to problems as cells undergo
conformational changes throughout the cell cycle, as well as after cell
divisions or apoptosis. TbA explicitly models these biological events in
the assignment costs, whereas optical flow must rely on image similar-
ity measures like the lp-norm of intensity differences or cross-correlation
Lucas and Kanade, 1981; Willert and Gharib, 1991.

3 .3 .2 model
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Figure 3 .4 For each timepoint, we add binary velocity gradient (VG) variables to
neighbouring Delaunay pairs of translation vectors and associate a cost proportional to
the square of the relative displacement. For example the velocity gradient s2 carries a
cost proportional to ||(rc − ra)− (rd − rb)||22 for the detections a, b, c, d. This cost models
a simple spring potential between each pair of neighbours and penalizes non-rigid warp-
ing of the domain, encouraging smooth flow fields appropriate for e.g. densely packed
cells in a growing or flowing tissue. (A) Grey “velocity gradient” variables s1, s2 connect
pairs of translation vectors between detection centerpoints across time. Each VG variable
s has an associated binary variable xs and cost cs in the ILP. (B) Green edges show de-
tections which are neighbours in the Delaunay triangulation of detection centroids. For
each Delaunay pair we add VG edges to all pairwise combinations of translation vectors
(black, directed edges).

Here we propose a technique that allows TbA to incorporate a smooth-
ness prior on the discrete displacement field describing cell movements,
obviating the need for optical flow. The regularized model is solved in the
standard way by optimizing a single, global integer linear program (ILP)
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without resorting to iterative, two-step optimization. To do this we intro-
duce binary “velocity gradient” variables for each pair of neighbouring
translation hypotheses. These variables carry costs which only penalize
differences in the displacements of neighbouring objects and are there-
fore invariant to rigid transformations of centroid positions, i.e. transla-
tion and rotation.

The intention behind adding a cost to differences in displacement is to
prefer tracking solutions where neighboring cells move in the same di-
rection. We can justify the costs on statistical grounds whenever we ob-
serve locally correlated motion, but the cause of correlated cell movement
is often physical contact. Cells exert physical forces on their neighbors
through tight junctions in tissues, through bacterial pilus, or collisions
between motile cells.

We implement velocity gradient costs as proportional to the magnitude
of the difference between neighbouring displacement vectors, e.g. cost(a →
c, b → d) = g(||(xc − xa)− (xd − xb)||2) (see Figure fig. 3.4). We add the
velocity gradient variables and costs to the standard tracking by assign-
ment linear objective. It is also necessary to introduce a set of constraints
to ensure that velocity gradient variables are consistent with their asso-
ciated translation variables. Note that divisions are excluded from this
cost. The combined system is is then optimized using Gurobi (Gurobi
Optimization, LLC, 2022), a standard ILP solver.

formal model description

First we define the set of all detections D and for every detection d ∈ D
we have time τd and location rd. Then we can define translations T and
velocity gradients S as

T = {(a, b) ∈ D2 | a ∈ Dτ , b ∈ Dτ+1 , |ra − rb| < dmax} (3.2)

S = {((a, b), (c, d)) ∈ T 2 | (a, c) ∈ delaunay(Dτ) and b ̸= d} . (3.3)

where dmax is a data-specific distance cutoff, and delaunay(Dτ) is the set
of edges in the Delaunay graph of all detection centerpoints at time τ

(dashed green edges in fig. 3.4). To each detection d, translation t and
velocity gradient s we assign a binary variable, xd, xt and xs respectively,
that takes a value x = 1 if the object is active, i.e. a part of the tracking
solution, and zero otherwise.

Next, we assign a fixed cost to each binary variable. In our implementa-
tion, the functional form of these costs can be given at runtime, making it
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easy to customize costs per dataset. However, we typically use a cost for
a translation t := (a1, a2) proportional to the Euclidean distance between
associated detections, ct = ∥ra1 − ra2∥2/d0 − 1 where d0 is the distance
beyond which ct > 0 and thus discouraged. The cost associated with
velocity gradient variables s := ((a1, a2), (b1, b2)), for all experiments is
cs = ∥(ra2 − ra1)− (rb2 − rb1)∥2/d0 − 1, where d0 is the distance beyond
which cs > 0 and thus discouraged. The result is proportional to the
magnitude of the difference between neighboring translation vectors. In
situations where our detection method cannot provide a meaningful cost
for each detection we use a fixed cost, cd = 0.

The objective is then a dot product between a collection of binary vari-
ables and their costs,

f (x) = x · c = ∑
ℓ∈D⋃ T ⋃ S

xℓcℓ .

Finally, we introduce a set of constraints which serves two purposes.
First, they maintain internal consistency between related sets of detec-
tion, translation and velocity gradient variables. And second, they allow
us to introduce biologically meaningful restriction on the structure of our
tracking solution. The individual constraints introduced are

xd ≥ ∑
t∈in(d)

xt ∀ d ∈ D (3.4)

2xd ≥ ∑
t∈out(d)

xt ∀ d ∈ D (3.5)

xt1 + xt2 ≥ 2xs ∀ s = (t1, t2) ∈ S (3.6)

xt1 + xt2 ≤ 1 + xs ∀ s = (t1, t2) ∈ S (3.7)

where out(a) := {(a, b) ∈ T } and in(a) := {(b, a) ∈ T }. These mathe-
matical constraints have the following implications:

• cells do not merge [eq. (3.4)]

• cells do not divide into more than two daughters [eq. (3.5)]

• cells may appear spontaneously4 [eq. (3.4)]

• cells may disappear (apoptosis) [eq. (3.5)]

4This constraint is not always desirable, e.g. when we know cells do not enter the field of view through image
boundaries. Replacing ≥ with = in eq. (3.4) accomplishes this without compromising other properties.
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• velocity gradient variables are active if and only if both translations
are active [eq. (3.6) and eq. (3.7)].

3 .3 .3 experiments - twitchy planarian

We apply this model to an image time series which naturally features
large, nonrigid warping between frames. “Large” in this context means
“at least as large as half the average distance between neighboring cells”,
which is when nearest neighbour tracking begins to fail. The planarian
worm S. mediterranea is a new model species for studying regeneration
whose natural transparency promises to simplify image based studies
of regeneration. Our collaborator Tobias Boothe acquired a timeseries of
H2B-GFB S. mediterranea post lesion to study its regeneration in terms
of the migration of single cells. However, unfortunately, each specimen
exhibited muscular twitches in response to high-powered illumination in
the wavelength of normal fluorescent probes. This twitching movement
is much faster than the time between stacks, resulting in large displace-
ments between frames but no motion blur. Further, the H2B labeled nu-
clei are uniform in appearance, which together with large displacements
makes tracking difficult. However, we were able to use the VG cost model
to help our tracker correctly follow cells despite these large, nonrigid de-
formations.

In fig. 3.5 we evaluate our approach we hand annotated the trajectories
of a sparse subset of 33 nuclei equally spaced throughout the tissue over
eight frames of the timeseries which included three (t, t + 1) frame pairs
(1,2,4) separated by large cell movements. We use three different linking
methods on an identical set of 3112 total noisy cell detections obtained
by the standard RandomForest based cell detection pipeline of the ilastik
software Sommer et al., 2011. We detect cells in 2D max-projection using
a small pixelwise classifier from ilastik, and use this fixed set of detec-
tions to compare three alternative linking methods. Due to our sparse
annotations we use the “link recall” metric (|TP|/|T|) on the set of edges
relating objects between times t and t + 1. While each method performs
equally well on frame pairs with small displacements, the addition of
VG costs the the TbA framework allows it to make the correct links even
for frames where the displacement is large and smooth.

One downside to the VG-cost approach is a large increase in runtime
due to the additional VG-variables and constraints. The number of VG
variables added to the system depends primarily on the number of detec-
tion variables |D| and the number of t+ 1 neighbours k we include when
creating translation hypotheses. A useful approximation is 3|D|k2 where
the factor 3 comes from the average number of Delaunay edges per cell
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Figure 3 .5 Velocity gradient (VG) costs help tracking across large displacements. Plot
shows link recall for three tracking methods on a short timeseries of fluorescent nuclei
from regenerating Shmidtea mediterranea. (bottom right) A single frame (t = 4) with
cell displacement vectors obtained by TbA+VG immediately after muscular twitch. (Left
column) compares the links generated by the three tracking methods for t = 4. While
all methods obtain similar movements on the region of tissue with small displacements
(right of white dashed line) TbA and NN are unable to find the true, smooth flow when
in the region of tissue with larger displacements (left of white dashed line).

and the factor k2 comes from selecting all pairs of translation hypotheses.
In practice we found that nearest-neighbour tracking required 190 ms ±
11.4 ms, while Gurobi branch-and-cut ILP solver required TbA needed
5.37 s ± 291 ms, and TbA with VG costs needed 11min 54s and 14m 44s
for solver run on (t, t + 1)-pairs and joint solver, respectively. The two
VG-cost solver approaches produced nearly identical solutions. fig. 3.5
shows the results using solve-then-fuse over (t, t + 1)-pairs for TbA with
VG costs.

3 .3 .4 experiments - breast cancer cells in dish

We also evaluate the VG cost tracking model on human breast cancer
cells in fig. 3.6, simulating data of lower temporal resolution by subsam-
pling frames in time. The motions of cells are correlated despite not being
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in tissue, but from simple steric hindrance. The dataset is composed of
23070 unique detections across 86 timepoints, and both NN and TbA + VG

linking models use the same set of detections. In it’s original form the
data has high temporal resolution and small cell displacements between
frames, which allows nearest neighbour tracking to work well. But by
removing every n-th frame we simulate data with lower temporal resolu-
tion and larger displacements, causing NN tracking to fail. But by using
TbA with VG costs we can maintain correct cell links over much larger
displacements at lower temporal resolution.

The cells enter the field of view through the top image border and flow
downwards. It could be that the motions of the cells are well described
by a random walk superimposed on a constant velocity downward flow.
To see if this is the case we also include two additional linking models
which supplement NN and TbA+VG with an initial translation of detection
centerpoints to align the centers of mass at frames t and t + 1 before
linking them. Indeed this improves NN significantly by helping to com-
pensate for the constant downward flow, but despite this addition it is
still outperformed by VG cost tracking both with and without this initial
registration.
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F igure 3 .6 Velocity gradient (VG) costs allow us to track at reduced frame rates. Here
a timeseries of densely packed breast cancer cell in a dish move in a constrained environ-
ment. While the high framerate allows nearest neighbour tracking to work initially, we
can simulate a reduced framerate by subsampling this dataset in time, causing nearest
neighbour tracking to fail. VG cost tracking however manages to maintain high accuracy
even for large subsampling and longer displacements between cells. (A) Breast Cancer
cells in a dish with tracking “tails” highlighting the smooth flow fields outlined by the
cells’ motion. The tails shown are the result of tracking with VG costs and center of mass
alignment (VG aligned) on 4x subsampled data. (B) A comparison between VG cost
tracking and simple nearest parent linking with/without center of mass registration. For
comparison we evaluate the F1 score (2|TP|/(|T|+ |P|)) on links using a pseudo ground
truth created by nearest neighbour tracking on the dataset without any subsampling. At
high framerate (low subsampling) all methods achieve solutions similar to our pseudo
Ground Truth of nearest-neighbour tracking on data without subsampling. Increasing
the displacement between frames cannot be corrected by center of mass alignment alone,
but is significantly improved by our VG cost model which prefers locally smooth flow
fields.
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3 .4 discussion

In this chapter we have shown a state of the art cell tracking model based
on highly accurate detections provided by CP-Net . Using this tracking
model we were able to cut the error rate significantly on 3/4 develop-
mental dataset in the ISBI Cell Tracking Challenge while using only a
fast, parameter-free nearest neighbour linking model. In the second half
of this chapter we explored a particular failure mode of naive nearest-
neighbour linking when the displacements of cells becomes large relative
to their nearest-neighbour distance. We then introduce the VG cost track-
ing model and show how it can restore accurate linking in cases where
these large displacements form smooth flow fields. In future work we
aim to address the major shortcoming of the VG cost approach, runtime,
through the introduction of fast heuristics for optimization.
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S E L F - S U P E RV I S E D B L I N D - S P O T N E T W O R K S

Computational denoising is an important first step in many biological
image analysis pipelines. Fluorescence bioimages in particular often suf-
fer from noisy and grainy textures exacerbated by the desire to minimize
light exposure to the sample. This noise hides the content of the image,
making both visual and automated analysis more difficult. Progress in
convolutional neural networks over the last few years has led to an ex-
plosion of image restoration methods for removing noise and improving
image quality, but current state-of-the-art network approaches require
expensive-to-collect, clean ground-truth images. While recent blind-spot
based network training methods have removed this requirement for spe-
cific cases, they remain unable to remove the structured noise common to
some kinds of imaging hardware. In this chapter we present Structured
Noise2Void (StructN2V), a generalization of the blind-spot approach
which enables the removal of structured noise without resorting to the
use of ground-truth data or an explicit noise model. Specifically, we pro-
pose a specialized network training scheme making use of an extended
blind mask (rather than a single pixel/blind spot), whose shape is adapted
to the structure of the noise. We evaluate this approach on a variety of
real fluorescence microscopy datasets and show that StructN2V con-
siderably improves the removal of structured noise compared to existing
standard and blind-spot based techniques.

4 .1 motivation

One of the major issues which inhibits our ability to obtain the maxi-
mum information from microscopy images is the corrupting presence of
image noise. Many of the hardware and sample preparation decisions
made, (e.g. what concentration of the label/marker we need, whether to
actively cool the image sensor) are made to minimize the effect of noise
or maximize the relative strength of the signal. Despite these efforts, ac-
quisition noise of some kind is common to all microscopes and often
significantly hampers our ability to make sense of their output. Thus,
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purely computational image denoising is a fundamental part of almost
all bioimage analysis workflows. When performed successfully it facili-
tates both the visual understanding of images as well as any downstream
processing like detection, segmentation or tracking (Ulman et al., 2017;
Weigert et al., 2018; Wu et al., 2008). This is especially true for live cell
imaging, where a trade-off often exists between the signal-to-noise ratio
of our image and the health of our sample or specimen and thus the
validity of our experiment. But removing noise from bioimages can be
quite difficult, and there is as of yet no one-size-fits-all, general purpose
solution which works well across the full spectrum of biological samples
and imaging hardware.

4 .2 related work

There are a wide variety of existing approaches which vary greatly in
accuracy, generality, speed and efficiency. Simple low-pass filtering may
be sufficient if our data is already very high quality, especially when the
downstream processing is robust against noise e.g. Amat et al. (2014) and
Stegmaier et al. (2016). However when the noise is significant, many bi-
ologists and bioimage analysts apply well established, general purpose
techniques like NLM (Buades et al., 2005) or BM3D (Dabov et al., 2006).
These methods are usually straightforward to apply, require minimal hy-
perparameter tuning, and are sometimes even integrated into commonly
used tools such as Fiji (Schindelin et al., 2012), scikit-image (van der Walt
et al., 2014) or gputools (Weigert, 2019). However these approaches still
leave much room for improvement both in terms of accuracy and speed.
One generic way to achieve better accuracy is to use a method with a
more narrow scope (and more built-in prior knowledge) that better fits
the data in question, e.g. a method designed for sCMOS noise removal if
your microscope has an sCMOS detector (Mandracchia et al., 2020). How-
ever, there is a much wider variety of hardware and image types than
there are denoising methods, so searching for an appropriate method re-
quires time consuming additional research which may end up fruitless.
And even if you find a more specific method for your setup, it may still
be insufficiently accurate, and is likely to have a less efficient (or even
less correct) implementation than one of the popular, generic denoising
methods.

An alternative strategy relies on learning from the data and usually has
relatively little built-in prior knowledge about the hardware or the bi-
ological sample 1. Methods based on learning usually result in denois-

1While in theory methods could exist that have both lots of built-in prior knowledge and lots of learning ability,
this domain is not well explored. This is a result of the Machine Learning field’s emphasis on increasing
flexibility/power of learners, as well as the practical challenge of integrating the two approaches. Stardist
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ers highly tuned for the data seen during training, but can be capable
of excellent performance without requiring a lot of application-specific,
hand-coded prior knowledge and engineering.

Starting around 2005, learned methods based on Random Fields such as
Fields of Experts (Roth and Black, 2005), Shrinkage Fields (Schmidt and
Roth, 2014) surpassed engineered approaches in terms of accuracy while
maintaining reasonable performance. This trend has only continued as
deep learning and especially Convolutional Neural Networks (CNNs) re-
placed approaches based on Random Fields improving representational
power and inference time (K. Zhang et al., 2017; J. Xie et al., 2012; Vin-
cent et al., 2010; Jain and Seung, 2009). The inherent modeling power
of CNNs has enabled them to outperform heuristic and Random Field
based approaches, while adding the benefit of the fast inference (thanks
to modern GPUs) necessary for modern digital microscopy. The largest
remaining cost comes during training time, which is longer and more
involved than optimizing the few parameters of heuristic approaches or
the relatively fast training of Random Field approaches. Within bioimag-
ing these trade-offs make sense, and CNN based denoising approaches
have been very successful.

This training phase can vary greatly between CNN-based denoisers, prin-
cipally in terms of how much supervision is required during training. Su-
pervised training requires a special kind of data (matching pairs of noisy
and clean/“ground truth” images) that in general requires a specialized
acquisition procedure and close control over the microscope. When this
data is available supervised methods based on CNNs such as CARE
(Weigert, 2019) can provide truly impressive denoising results. The al-
ternative “unsupervised” or “self-supervised” approaches don’t require
a special clean version of the image, and instead attempt to learn just
from the raw, noisy data. Typically, self-supervised training is performed
on some pretext task the purpose of which is to teach the network to
recognize informative features that will also be useful on the downstream
task, e.g. image classification, detection or segmentation. Examples of self-
supervised pretext tasks include predicting image orientation (Gidaris et
al., 2018), re-colorizing greyscale images (R. Zhang et al., 2016; Larsson
et al., 2016), and re-sorting images based on spatial or temporal order
(Lee et al., 2017; Noroozi and Favaro, 2016; Doersch et al., 2015).

Self-supervised approaches to denoising have also been explored. Recent
blind-spot networks Noise2Void by Krull et al. (2019) and Noise2Self by Bat-
son and Royer (2019) have introduced self-supervised training designed
explicitly for denoising. Under certain circumstances these approaches

by Schmidt et al. (2018) is an example of the benefits resulting from modifying a very powerful learning
architecture to follow constraints (in this case cell shape) that are appropriate for the specific task of nucleus
segmentation.
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can show performance comparable with CARE without the burden of
acquiring GT training data. But they are limited to removal of pixelwise
independent noise sources, such as most shot noise (typically Poisson), or
instrument read noise (typically Gaussian), but struggle when the noise
is locally correlated between pixels. Potential causes of such correlations
include correlated readout lines on CCD (or even sCMOS) image sensors
or correlations along fast-scan lines in some confocal microscopes. In this
chapter we capitalize on the recent progress of blind-spot networks for
high quality, fully self-supervised denoising and extend it to allow for
denoising some classes of structured noise.

4 .3 structn2v method

StructN2V shares much with other recent blind-spot based denoising
techniques, and in particular with N2V. Most obvious is that they are self-
supervised techniques, i.e. they don’t need expensive clean clean (ground
truth) copies of the raw data for training. Importantly, removing this bur-
den means that these techniques can be applied by third parties, e.g.
bioinformatics facilities who have no access to or control over the micro-
scope hardware. Additionally, these techniques can be applied to older
data potentially acquired on an out-of-service microscope, or using long-
forgotten sample preparation and acquisition parameters.

The most important reason underlying why these approaches work is also
shared, which is that these techniques remove noise because they are
unable to predict it2. This is true independent of how the blind-spot
is implemented. It is also true of non blind-spot based techniques like
Noise2Noise (Lehtinen et al., 2018) and CARE to an extent, although
CARE primarily removes noise by training on nearly-noise-free ground
truth data. As the noise in the output is uncorrelated with any part of the
input the only way to predict it is to memorize it, which can be prevented
by the usual means of preventing overfitting (few training epochs, lots of
training data). However in self-supervised losses the noise in the output
perfectly correlates with the noise in the input, because the images are
the same. So we need a clever way to prevent the net from learning
the trivial, but optimal identity function. Blind-spot based approaches
achieve this by hiding pixels in the input from the network, and then
asking the network to predict the hidden value using the surrounding
pixels for context.

How do we “hide” pixels from the net? Different techniques take different
approaches. Laine et al. (2019) build the blind spot into the architecture
of the network directly by hard-wiring in a new shape to the receptive

2 in the output, as well as they can predict the signal
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field. However we adopt the original, more flexible approach taken by
N2V and Noise2Self which replaces the values of pixels in blind spots
with random pixel values before passing them on to the network, see
fig. 4.1.

Raw

Prediction

randomize
neighbours

stratified
sampling

Noise-masked Input

masked
mse loss

F igure 4 .1 Overview of StructN2V training. Roughly 2% of pixels within a patch
are selected via stratified sampling (red pixels). The values of pixels in the blind mask
(blue) are replaced with a random value drawn from a flat distribution on [0, 1]. This
blind mask image is fed to StructN2V model (a variant of U-Net) which predicts a
noise free image. An MSE loss is computed only on the red pixels typically at the center
of the blind mask.

As we are about to see, the flexibility of this approach to “hiding” pixels
will also help us overcome the inability of existing methods to remove
structured noise. Structured noise is the part of the noise that has spatial
correlations. This kind of noise is often introduced by the microscope hard-
ware, e.g. lateral stripes introduced by a shared output amplifier noise
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in charge-coupled device (CCD) based image sensors citeCCD noise and
example from Alex. Existing blind-spot based approaches can use the
spatial correlations present in this noise to predict it’s value at the blind
spot, and this predictability prevents it being removed from the output of
the network.

Figure 4 .2 (a) Masking schemes for N2V (left) and two variants of StructN2V (mid-
dle, right). We show the active pixel (red), the hidden blind mask (blue) and the pixels
available (green) to the network to predict the value of the active pixel. (b) Example
crops of pure noise images and their spatial autocorrelation (Corr) for pixel indepen-
dent Gaussian noise (left), a dark frame of dataset C. majalis (middle), and a background
selection (see fig. 4.4) of dataset C. elegans (right). Note that the spatial extent of the auto-
correlation pattern in each case suggests the corresponding blind mask depicted directly
above in (a).

StructN2V attempts to solve this problem by hiding additional pixels
from the input (see the blue pixels in fig. 4.2) surrounding each of the
target pixels present in the loss (red boxed pixels in fig. 4.2). 3 However,
this presents a tradeoff, as the blue, randomized pixels are no longer use-
ful for predicting the signal either, and so we must try to randomize the
pixels which correlate most strongly(weakly) with the noise(signal).

Selecting the blind mask

An appropriately shaped blind mask is critical to achieving optimal re-
sults with StructN2V.

Fortunately in many cases it may be possible to estimate the shape of
the blind mask by eye from the image itself, e.g. simply by looking at
the direction of line artifacts in the raw C. elegans data or observing the
horizontal stripes in C. majalis after initial application of N2V (fig. 4.6c).
However, there are more robust approaches which require minimal effort

3Note that the hiding of arbitrary pixels within the receptive field of a given target pixel is not possible with the
approach taken by Laine et al. (2019).
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F igure 4 .3 Comparison of Fourier power spectrum of raw and denoised images. Note
the vertical bands present after application of N2V correspond to a pure horizontal signal
with characteristic wavelengths of a few pixels. These can be removed by StructN2V
without sacrificing the true signal present within a disk centered at the origin. Insets
depict the blind masks used during training.

and may help when then correlations in the noise are less obvious. One
method which we used to confirm our choice of mask for the C. elegans
dataset was to compute and plot the autocorrelation of the noise (fig. 4.2b
(right half)). The autocorrelation of a “pure noise” image clearly reveals
the pattern of correlations in the noise and we can choose a mask shape
which mostly covers the pixels with large values in this autocorrelation.
In fluorescence images like C. elegans where the content is only present
in the center of the image we can (manually) select and crop out back-
ground regions near the edges (fig. 4.4). Similarly we can obtain a pure

User selected background
region (pure noise)

autocorr
abs &
thresh

F igure 4 .4 The user selections a content free region of the image for use in autocor-
relation.

noise image by acquiring a “dark frame” with the camera shutter closed
(fig. 4.6e) which allows us to observe the read noise of the microscope
in the absence of any input signal. Again, the autocorrelation of such an
image helps us to see the pattern of correlations in the noise and is useful
in estimating the blind mask shape (fig. 4.6f).
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An alternative approach is to visualize the image in the frequency do-
main, which in the case of C. majalis was helpful for confirming the rough
size of noise correlations without resorting to an additional dark frame acqui-
sition (fig. 4.3).

It is important to remember that, in theory, the blind mask shape deter-
mines a tradeoff: masking additional pixels prevents the net from learn-
ing useful correlations within the signal, but simultaneously prevents
the net from learning unwanted correlations within the structured noise.
However, despite this tradeoff, there may be a range of mask shapes
which are suitable in practice (fig. 4.7 9×1-13×1). Finally, using the truly
optimal mask shape may be unnecessary so long as the image quality
resulting from the denoising procedure is sufficient for all downstream
tasks.

4 .4 theory of blind spot based denoisers

In this section we offer a mathematical explanation for different aspects
of the StructN2V method. In particular we

• explore the relationship between StructN2V and fully supervised
methods

• contrast the relationship between StructN2V and other blind spot
denoising approaches like N2V, Batson and Laine.

• and highlight the tradeoff between reducing noise and improving
signal in our choice of blind spot shape.

how are structn2v and supervised training similar?

For some raw image x = y + η, signal y and noise η we aim to find a
function which minimizes the self-supervised loss L = E( f (x)− x)2 over
the data distribution Pr(x). and expand the loss as follows,

L =
1
N

N

∑
i
ℓi where (4.1)

ℓ = ( f (x)− x)2

= ( f (x)− y − η)2

= ( f (x)− y)2︸ ︷︷ ︸
supervisory signal

−2 f (x)η︸ ︷︷ ︸
model/noise covariance

+ η2 + 2yη︸ ︷︷ ︸
const

. (4.2)
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Here L is the pixelwise average of ℓ over the image domain, and all
operations in ℓ (except for f ) apply pixelwise as well.

Under naïve training, the network f learns the identity function, f ∗(x) =
argmin f L = Ex | x = x, and none of the noise is removed. This can be
seen in eq. (4.2) as the presence of the f (x)η term 4 which encourages
the network to reproduce the noise. Blind-spot based approaches like
StructN2V,N2V,etc. can be seen as an attempt to restrict the family of
functions F for the network f to only those where

E f (x)η = 0 ∀ f ∈ F , (4.3)

i.e. the covariance between the model prediction and the image noise
is zero, which they do by making it very difficult for the network to
learn the noise directly5. The only remaining non-constant term in the
pixelwise loss ℓ is the supervisory signal, ( f (x)− y)2, which is then mini-
mized.

how can we make it difficult for the network to learn

the noise?

F igure 4 .5 The barrier region (blue) separates the visible receptive field (green) from
the target pixel (red). These regions obey i ⊆ ri ⊂ Ωi. We can use this to define the
visible receptive field, vi := Ωi \ ri.

Blind spot based techniques essentially make the noise “invisible” to the
network. Let us consider the perspective of a single pixel xi = yi + ηi

which the network is trying to predict (see fig. 4.5). The pixel i is sur-
rounded by its receptive field Ωi and the noise correlation region ri such
that i ⊆ ri ⊂ Ωi. In the following we use subscripts for taking subsets
of pixels restricted to a certain domain, so xΩi is the part of x that falls
in the domain Ωi. If we train the network f to predict the value xi given
the region xΩi as input by minimizing the loss ℓi at i then the network
will learn to approximate the function f (xΩi) = E[xi | xΩi ] = xi, failing

4equal to the covariance of the model prediction and the noise if f (x) and η are both zero-centered
5It’s still in theory possible to learn the noise by overfitting on very small data. Overfitting happens when we

train a large network on small data for a long time, and allows the network to memorize the noise (and
signal) without ever seeing it as input.
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to remove the noise or do anything useful. Now let us remove the region
ri from the input, instead giving the network only the “visible” region
vi = Ωi\ri. Training this model approximates the expected value

E[xi | xvi ] = E[yi + ηi | xΩi\ri
]

and because of our independence assumptions we can factor this into

E[yi + ηi | xΩi\ri
] = E[yi | xΩi\ri

] + E[ηi | xΩi\ri
] .

If we assume that E[ηi | xΩi\ri
] is zero everywhere6 then we see that our

training procedure produces the desired expected value,

f (xvi) = E[xi | xvi ] ≈ E[yi | x] .

While in general we might expect local correlations within the noise ηi ̸
⊥⊥ ηj if pixels i, j are near, we choose the blind mask ri such that any
conditional dependence within the noise is removed, i.e. ηi ⊥⊥ ηvi | xvi .
Thus, the only information about ηi coming from xvi must come through
yi, which leads to the expected value of zero.

When the noise ηi is uncorrelated with it’s neighbors, i.e. ηi ⊥⊥ ηj|x for
nearby pixels i, j, then it is sufficient to remove only the single pixel i
from the visible receptive field giving ri = i, giving us the standard N2V
procedure and assumptions. Note that while Noise2Void and StructN2V
create blind spots by randomizing pixel values in xri it can also be done
using a special network architecture e.g. Lehtinen et al., 2018. Finally, the
approximate equality E[yi | xvi ] ≈ yi is only true if we don’t lose too
much information about the signal when we remove xri . Thus, there is a
tension between making ri too large, which makes the signal yi harder to
predict, and too small, which makes the noise ηi easier to predict.

using blind-spot pixel information

There remains the question of how to use the information in xri to im-
prove our estimation of yi. Batson and Royer (2019) finds that using a sim-
ple linear combination of the prediction and input α f (x) + βx is able to
improve prediction accuracy where the values α, β are determined by the
variance of the noise var(η). In Probabilistic Noise2Void Krull et al. (2020)
follow up on the original Noise2Void technique using multiple fixed ac-
quisitions to observe the pixelwise likelihood7 Pr(xi | yi) which they

6or a constant that can be incorporated into the signal
7a model of the noise, ηi
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incorporate into a fully probabilistic model equivalent to P(xi | xvi ; f ),
and train f via by maximizing the likelihood of the observed xi. While
potentially helpful, it is unclear if these extensions are sufficient for our
case.

blind-spot via randomization

In blind-spot networks that require randomization8 we need to define
some procedure

R(x) := 1vi x + 1ri x
′ where

x′ ∼ PR(x)

to randomize the pixels in xri before giving an image to the network dur-
ing training. Here 1vi is the indicator function, with value 1 inside the
domain vi and 0 outside. Thus, R(x) has values determined exclusively
by PR(x) within the region ri. The purpose of this procedure is to provide
the independence R(x)ri ⊥⊥ xvi | y.
There are many possible procedures that give us such independence, e.g.
we may draw from the uniform distribution x′i ∼ [0, 1], sample a random
neighbour, or interpolate by taking a local average excluding xri . In the-
ory, there is a tension involved in our choice of R: we want the random
image x′ to be as similar to x as possible, while maintaining this indepen-
dence. But in practice the technique is not so sensitive to our choice of R.
Noise2Void chooses to replace xi with the value of a random neighbour
9, while Batson tried sampling a value uniformly over [0, 1] as well as
taking a (deterministic) local average excluding xri , but both techniques
achieve good performance. Finally, while replacing each pixel with a con-
stant value (e.g. zero) does give us the independence, it likely introduces
a new dependence between the output f (R(x))i and this constant value.
To be successful at test time, the network must learn to actively ignore
the pixels in xri no matter what value they have!

how does this relate to training in deep image prior?

While Deep Image Prior (DIP, Ulyanov et al. (2018)) is similar in that
it uses a CNN to achieve a denoising effect while also using the raw,
noisy image in the loss, it is different in that DIP must be reapplied for
every image we want to denoise. DIP uses pure noise as input, instead

8as opposed to architecture-based blind spot approaches like Laine et al., 2019
9 in the original paper, xi included itself in that neighborhood, despite the dependence that entails.
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of a masked version of the noisy target. They then proceed to optimize
a similar loss based solely on a single image until the denoising effect is
achieved in the network output. This must be repeated for each image!
At no point does the network learn to denoise data other than the current
target. The network in DIP is blind to both content and noise, while blind-
spot based denoisers attempt to make the network blind to the noise
alone.

4 .5 experiments

We evaluate our StructN2V approach on two fluorescence microscopy
datasets, one (C. majalis) acquired in 2D with a camera-based spinning
disk microscope, the other (C. elegans) in 3D with a laser-scanning confo-
cal microscope.

4 .5 .1 c. majalis

We acquired 2D images of fluorescence labeled membranes of a fixed
C. majalis (Lily of the Valley) sample. All 100 recorded images (1024×1024
pixels) show the same region of interest and only differ in their noise.
The average of these 100 images serves as a ground truth (GT) image 10.
We train and compare N2V, StructN2V, and N2GT11 using the same
neural network architecture for all methods and varying only the training
procedure.

CNN architecture We use a 2D U-Net (Ronneberger et al., 2015) with
three levels, each consisting of two 3×3 convolutional layers and sepa-
rated by 2×2 max pooling (constant up-sampling) layers between levels.
We train 16 convolution kernels at level one and double (halve) that num-
ber after each pooling (up-sampling).

Training

We normalize the input images by applying an (outlier-robust) percentile-
based normalization, such that approx 98% of pixel values are in the
range [0, 1]. We train and evaluate all models over the entire dataset, as
we typically do not make a distinction between train and test images
when applying N2V and StructN2V in the wild 12. Note, however, that
the performance of N2GT is therefore higher than can be expected in

10This is possible because we observe that the noise has a spatially constant mean and is uncorrelated between
acquisitions.

11Noise-to-Ground-Truth, i.e. conventional supervised training with the GT images as target.
12Although over-fitting with blind spot based denoising approaches is possible in theory we have curiously not

observed it with N 2 V or S T R U C T N 2 V in practice, even when training on single images.
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F igure 4 .6 StructN2V removes structured noise from image of fixed C. majalis (cell
membrane stain/spinning disk). (a) Raw (b) Ground truth obtained by avg over 100 sin-
gle frame acquisitions. (c) Restoration by N2V. (d) Restoration by StructN2V (ours). (e)
Pure noise acquired by darkframe acquisition. Horizontal correlations are barely visible.
(f) Autocorrelation of pure noise in (e) revealing the horizontal correlations. Insets in (c)
and (d) depict the blind masks used during training.

practice, representing an upper bound. We train all methods on 1600
random patches of size 256×256 for 600 epochs (batch size 4) with the
Adam optimizer (Kingma and Ba, 2015) at a fixed learning rate of 2 ×
10−5 (2 × 10−4 for N2GT).

Masking For N2V and StructN2V, we randomly select 2% of pixels
as active in each training patch. We select mask shapes for StructN2V
using different methods for each dataset.

(see fig. 4.6f) as described in ??. To that end, we use a horizontal mask
of size w×1, whose width w we vary from small (w = 3 pixel) to large
(w = 25 pixel, see fig. 4.2). In fig. 4.7, we show denoising performance
as a function of mask size, and also compare against N2V, N2GT, and
standard methods. We find that StructN2V provides an improvement
over N2V, although some masks are clearly better than others (with
the mask 9×1 performing best, see table 4.1). Importantly, the results
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Figure 4 .7 Comparison of denoising methods on standard image quality metrics
PSNR and SSIM (Wang et al., 2004) for C. majalis fluorescence images. We use a range
of horizontally oriented blind masks of size w×1 with varying width w, with N2V cor-
responding to the 1×1 case. Note the wide range of mask sizes with improved perfor-
mance over the default 1×1 case. For methods with stochastic training (N2V, StructN2V,
N2GT) we plot the results from five independent runs. Also, note that each method to
the right of the gray line was optimized with knowledge of the ground truth.

of StructN2V show substantially less structured artifacts compared
to N2V, as can be inferred from the Fourier power spectrum (fig. 4.3):
whereas the spectrum of both the raw (left) and N2V restoration (middle)
exhibit vertical stripes at a distinct frequency range (i.e. indicating hori-
zontal correlations), they are absent in the StructN2V output (right).

Additionally, table 4.1 summarizes the best results of all methods (with
a mask of size 9×1 for StructN2V). Note that NLM, BM3D and N2GT
were all tuned/trained to yield optimal results using ground truth data
(not available to N2V and StructN2V), hence the results denote upper
bounds on what is possible in practice. Still, StructN2V performs better
than all compared methods (apart from N2GT, which is expected).

4 .5 .2 c. elegans

We additionally demonstrate that StructN2V can substantially outper-
form N2V on the publicly available 3D dataset of a developing C. elegans
(roundworm) embryo from celltrackingchallenge.net (Ulman et al.,
2017), which was acquired with a laser-scanning confocal microscope.
The data is a time series with 190 frames of size 32×512×708 (ZYX). The

celltrackingchallenge.net
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F igure 4 .8 Qualitative comparison for the 3D C. elegans dataset. We show a single
slice of the raw stack and the result of NLM (Buades et al., 2005), BM4D (Dabov et al.,
2006), N2V (Krull et al., 2019) and StructN2V (ours). The strong vertical correlations
in the noise of this image prevent N2V from working, but we a vertically aligned blind
mask allow StructN2V to recover a perceptually noise-free image. Insets in N2V and
StructN2V depict orientation of the blind masks used for training.

images exhibit visually striking vertical correlations of unknown origin
along the Y dimension. In contrast, StructN2V yields smooth and per-
ceptually noise-free images. The mask shape for StructN2V was esti-
mated as 1×17×1 (ZYX, see fig. 4.2). For all compared methods (N2V and
StructN2V) we use a 3D U-Net (Çiçek et al., 2016) with two levels, us-
ing two 3×5×5 (ZYX) convolutional layers followed by 1×2×2 max pool-
ing per level. Again we learn 16 convolution kernels at the first level and
double (halve) that number after each pooling (up-sampling). We also
apply the same image normalization as before and train both methods
on 1900 random patches of size 32×64×64 for 100 epochs (batch size 10)
using Adam (Kingma and Ba, 2015) at a fixed learning rate of 4× 10−6.

Method PSNR SSIM

StructN2V (ours) 29.73 ± 0.16 0.913 ± 0.005
N2V (Krull et al., 2019) 29.03 ± 0.06 0.8653 ± 0.0007
NLM (Buades et al., 2005) 28.14 0.8816
BM3D (Dabov et al., 2006) 29.62 0.9063

N2GT 31.52 ± 0.19 0.9399 ± 0.0005

Table 4 .1 Image quality metrics PSNR and SSIM (Wang et al., 2004) evaluated on
C. majalis dataset. Note that we include only the best performing StructN2V mask (9×1).
For all learned methods (N2V, StructN2V, N2GT) we display the mean (± standard
deviation) of 5 different training runs using different random seeds.
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4 .5 .3 ca2+ imaging in mouse cortex

Here we present additional evidence suggesting the StructN2V method
may provide superior results on a wider variety of acquisition hardware
and imaging modalities. We denoise Ca2+ induced fluorescence images
of in vivo neuronal somata in the mouse cortex acquired via a raster-
scanning two-photon microscope. The (horizontal) raster-scanning pro-
cedure results in heterogeneous voxel sizes and is likely the cause of the
light artifacts revealed by the N2V (see fig. 4.9(e,f)). In fig. 4.9 we com-
pare a variety of denoising methods including N2V, StructN2V and
some classical heuristics. While all of the blind-spot based approaches
provide improved visual quality over classical heuristics, the single-pixel
masks of N2V reveal a structured, noisy pattern that is removed by
StructN2V. We speculate that the revealed pattern is caused by struc-
tured noise resulting from the horizontal raster-scan process, as it is re-
moved by horizontal StructN2V masks.

Data, Network Architecture and Optimization The training data con-
sists of 100 timepoints of a single 2D section (512x512) of the cortex. Both
N2V and StructN2V use the same three-level, 2D U-net architecture
detailed above in section 4.5.1 for C. majalis data trained for 100 epochs
with Adam optimizer. Both NLM and bilateral filter methods were opti-
mized by eye using the Napari (Sofroniew et al., 2020) image viewer and
the interactive Magicgui extension provided by Talley Lambert. Thanks
to Horst Obenhaus of the Kavli Institute for Systems Neuroscience in
Trondheim for providing the data.

4 .5 .4 nonlinear pixel response

Many sCMOS image sensors exhibit photodetectors with the undesirable
property that some small fraction of the pixels don’t respond properly to
incident light. These malfunctioning photodetectors show up most obvi-
ously as individual, bright "hot pixels" in the resulting image. But when
we acquire 3D stacks these hot pixels form clearly correlated line seg-
ments along the z-axis which are visually distracting and likely harmful
for downstream analysis (fig. 4.10 red). While great care is taken by sen-
sor manufacturers to minimize the presence of such malfunctioning pho-
todiodes, they still manage to be a common artifact in bioimages, and
computational approaches need to be taken for their removal.

If we could map out the exact locations of the malfunctioning hot pixels
on the sensor we could replace the values of these pixels by some func-
tion of their neighbors, e.g. via median filtering. However, not all mal-
functioning pixels are hot all the time, so in practice it can be difficult
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F igure 4 .9 Comparison of denoising methods on Ca2+ induced fluorescence images
of mouse cortex. (a) Non-local means (b,c) StructN2V with 3×1 and 5×1 mask sizes
(d) bilateral filter (e,f) N2V with nearest-neighbour and flat distribution pixel replacement
strategies. N2V reveals a pattern of structured artifacts removed by StructN2V. Bilat-
eral filter (d) removes noise but blurs object boundaries, making object size estimation
difficult.

to determine exactly which pixels are misbehaving. It is not uncommon
for these artifacts to remain in our images at the time denoising methods
are applied, so it is useful to know how their presence influences the
denoising process.

In this section we visually explore the performance of three blind-spot
based denoisers on fluorescence imaging data with obvious hot pixel arti-
facts. In theory, there is a problem with N2V based methods, as (viewed
as a form of noise) hot pixels radically alter the signal and do not satisfy
our theoretical criterion ??. But we may still hope for reasonable perfor-
mance so long as the hot pixels are sufficiently scarce, as is the case with
our dataset.
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Figure 4 .10 (left) An sCMOS camera acquisition of fluorescent zebrafish retina. This
particular sensor suffers from hot pixels which are visible as bright stripes oriented along
the z-axis. 3D N2V (blue) is able to remove the pixelwise independent noise but fails to
deal with the hot pixels. 2D N2V (lime) sees these stripes as pixelwise-independent,
and is mostly able to remove them. 3D StructN2V (cyan) with a 1px wide z-oriented
mask(d) is able to remove the hot stripes almost completely without obvious sacrifices in
signal quality using a custom blind mask (bottom right) elongated along the z-axis. (top
right) The 3D volume rendering shows z-aligned hot stripes in the raw image.

We show in fig. 4.10 a study of various blind-spot denoisers on fluores-
cence microscopy data of the developing zebrafish retina. The data has a
small percentage of hot pixels which create non-uniform, bright stripes
along the z-axis. Each of the N2V-based methods we explore was able
to remove the bulk of the pixel-wise independent noise from the data,
but interesting differences remain. As in the case of C. majalis, normal
3D N2V actually further reveals the underlying visual correlations from
the hot pixels, and is completely unable to remove them. We also explore
2D N2V for this data, with training and prediction only on 2D slices of
the 3D data. Restricting the network to a purely 2D view of these hot
stripes prevents the net from learning the hot pixel z-axis correlations,
and largely removes the noise. The faint residual stripes hint at subtle
within-plane correlations between neighboring photodetectors on the sC-
MOS chip. Finally, StructN2V is able to remove the hot stripes almost
entirely, along with the pixel-wise independent noise, producing a visu-
ally appealing smooth result. By using the mask shown in fig. 4.10d we
enable StructN2V to use the full 3D context for predicting the signal, as
opposed to just a 2D slice, without making the noise easier to predict.
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Training Details Each of the approaches contrasted above was trained
on a single 3D stack with shape 40×1024×1040 (zyx), using the same U-
net architecture detailed in the C. elegans section (C. majalis section for
2D net). The kernel used for creating the StructN2V mask in this case
was 1px wide in x,y but extended along the z-axis to the entire depth of
the receptive field, to prevent any correlations along that line, however
distant, from being learned by the network (see fig. 4.10 d).

4 .6 discussion

We proposed StructN2V, an extension of self-supervised blind spot net-
works, which allows us to effectively remove spatially correlated (struc-
tured) noise without the need to acquire clean ground truth images for
training. We demonstrate the capabilities of this approach on several flu-
orescence microscopy datasets involving a diversity of specimens, micro-
scope hardware, and various noise correlation patterns. In many cases we
are able to show denoising quality which is an improvement over both
modern blind-spot based CNN approaches as well as popular heuristic
approaches.

We discussed several heuristics to select a good mask shape, which we
found effective in practice. Nevertheless, selecting an appropriate mask
shape requires nontrivial user knowledge which may complicate the
adoption of our method by the wider community. In future work we
hope to explore a variety of applications of the method, as well as poten-
tial techniques for simplifying/automating mask shape selection.





5D I S C U S S I O N

In this thesis we introduced three new models to help deal with common
problems in bioimage informatics.

In Chapter 2 we introduced CP-Net , a CNN for cell and nucleus detec-
tion that requires only centerpoint dot annotations for training.

First, we showed that this model is comptetive with or exceeds current
state of the art detection approaches on many of the ISBI Cell Segmen-
tation Challenge datasets. However, CP-Net is still data hungry, with
some datasets requiring tens of thousands of annotations before perfor-
mance saturates (see fig. 2.22). This number should reflect both the in-
herent diversity (difficulty) in a given training set as well as the learning
ability of our network. A more careful study would involve retraining
multiple times on different random subsamples of each dataset to study
how scores respond as a function of training data size while keeping the
dataset constant. Perhaps with more advanced data augmentation we
could improve performance, as the the models discussed in this thesis
only used the standard set of rotations and flips. While some additional
experiments trained on data augmented with elastic deformations, artifi-
cial noise, and brightness and contrast we found that these steps had a
negligible effect on performance.

Second, while CP-Net is capable of detecting elongated, non-circular ob-
jects an undertrained network is prone to false positives and false neg-
atives at a higher rate compared to circular or spherical objects. This
makes intuitive sense as the receptive field of CP-Net is round, and so
accomodates round objects most easily. CP-Net will always struggle with
filimentous objects much larger than the receptive field without any clear
visual marker associated with their center, e.g. a neuron without any
clear cell body. Further work could explore the interplay of receptive
shape, kernel shape, and non maximum suppression to better adapt to
oblong cell shapes.

Third, there is the fundamental ambiguity of some cases, as demon-
strated by high inter-annotator variability on some ISBI datasets. In fu-
ture work it may be preferable to mark ambiguous objects explicitly
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with a special label acknowledging them as such. These ambiguous cases
could then be optionally be incorporated into model training and evalua-
tion. A model could ignore such cases or attempt to predict a confidence
level for each object which should be low on ambiguous cases. These
could then be left out of downstream model performance evaluation or
included with a unique weighting.

In Chapter 3 we extended CP-Net with a parameter-free object linking
model to perform cell tracking and evaluated it by participating in the
ISBI Cell Tracking Challenge. We found that a very simple linking model
can perform well if it is given ground truth cell centerpoint detections as
input. This inspired us to use CP-Net , an accurate cell centerpoint predic-
tion model, in combination with the “nearest parent” linker to tracking
cell. We found this combination outperforms many models with more
complex linking steps through the sheer quality of the initial detections,
and achieved first place scores in the ISBI Cell Tracking Challenge on
three datasets of developing embryos.

This nearest neighbour linking model is intentionally naive, and could
almost certainly buy accuracy at the cost of additional parameters char-
acterizing (potentially learned) priors on the distribution of cell displace-
ments, the frequency of divisions, the apparent cell sizes, etc. However,
we believe the speed and simplicity of the model has inherent value in
that it requires no manual or automated parameter tuning, is easy to un-
derstand and implement by 3rd parties, and fits easily into interactive
applications where feeback must be on the timescale of human atten-
tion.

In Chapter 3 we also extend the Tracking By Assignment framework for
cell tracking with “velocity gradient costs” to aid in tracking when cell
motions are locally correlated and displacements are large relative to
the cell nearest neighbour spacing. We were able to show that through
the addition of these costs we could improve the performance of the
tracker on two real datasets: Schmidtea mediterranea and human breast
cancer cells. Introducing the costs requires choosing a correlation decay
lengthscale and cutoff length parameters, but they are intuitive, and in
our experiments we were able to find good results without automated
optimization.

However, this approach introduces a large number of additional vari-
ables to the ILP formulation of the tracking problem, which caused sig-
nificant slowdown in Gurobi’s time to find an optimal solution. While it
might be possible to tune Gurobi’s settings in a way that does a better
job balancing solution accuracy and solver time we couldn’t find any ac-
ceptable parameters that didn’t involve a large slowdown. If this model
proves valuable it may be worth designing a model-specific solver or a
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fast heuristic solver. Still, this tradeoff of buying accuracy in exchange
for compute time is often acceptable and the gains in accuracy were sig-
nificant in the datasets we explored.

In Chapter 4 we introduced the StructN2V densoising technique for
self-supervised denoising of images with locally-correlated structured noise.
As a straightforward extension of Noise2Void, this approach is indepen-
dent of the specific CNN architecture. We showed that it provides a sig-
nificant visual and numerical improvement on multiple, real fluorescence
microscopy datasets in 2D and 3D. Further, we showed how a 3D blind
mask extended along the Z dimension can be used to remove hot pixels
from 3D data.

Although the training mask is potentially a complex hyperparameter we
found it straightforward to determine in practice for the cases studied
here. Unlike some other denoising models including Noise2Void variants
StructN2V does not incorporate an explicit noise model. Noise models
tend to improve performance, allow for MAP estimation of the signal,
and sampling from the posterior, so including one into StructN2V is
potentially interesting future work.
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A.1 isbi cell tracking challenge dataset descriptions

For more information see celltrackingchallenge.net 2D datasets and 3D datasets.

BF-C2DL-HSC
Mouse hematopoietic stem cells in hydrogel microwells
Dr. H. Blau, Baxter Laboratory for Stem Cell Biology, Stanford University, USA
Microscope: Zeiss PALM/AxioObserver Z1

Objective lens: EC Plan-Neofluar 10x/0.30 Ph1

Pixel size (microns): 0.645 x 0.645

Time step (min): 5

BF-C2DL-MuSC
Mouse muscle stem cells in hydrogel microwells
Dr. H. Blau, Baxter Laboratory for Stem Cell Biology, Stanford University, USA
Microscope: Zeiss PALM/AxioObserver Z1

Objective lens: EC Plan-Neofluar 10x/0.30 Ph1

Pixel size (microns): 0.645 x 0.645

Time step (min): 5

DIC-C2DH-HeLa
HeLa cells on a flat glass
Dr. G. van Cappellen. Erasmus Medical Center, Rotterdam, The Netherlands
Microscope: Zeiss LSM 510 Meta
Objective lens: Plan-Apochromat 63x/1.4 (oil)
Pixel size (microns): 0.19 x 0.19

Time step (min): 10

Fluo-C2DL-Huh7

Human hepatocarcinoma-derived cells expressing the fusion protein YFP-TIA-1
Microscope: Nikon Eclipse Ti2
Objective lens: CFI Plan Apo Lambda 20x/0.75

Pixel size (microns): 0.65 x 0.65

Time step (min): 15

Fluo-C2DL-MSC
Rat mesenchymal stem cells on a flat polyacrylamide substrate
Dr. F. Prósper. Cell Therapy laboratory, Center for Applied Medical Research (CIMA),
Pamplona, Spain
Microscope: PerkinElmer UltraVIEW ERS
Objective lens: Plan-Neofluar 10x/0.3 (Plan-Apo 20x/0.75)
Pixel size (microns): 0.3 x 0.3 (0.3977 x 0.3977)
Time step (min): 20 (30)

http://celltrackingchallenge.net/2d-datasets/
http://celltrackingchallenge.net/3d-datasets/
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Fluo-N2DH-GOWT1

GFP-GOWT1 mouse stem cells
Dr. E. Bártová. Institute of Biophysics, Academy of Sciences of the Czech Republic, Brno,
Czech Republic
Microscope: Leica TCS SP5

Objective lens: Plan-Apochromat 63x/1.4 (oil)
Pixel size (microns): 0.240 x 0.240

Time step (min): 5

Fluo-N2DL-HeLa
HeLa cells stably expressing H2b-GFP
Mitocheck Consortium Microscope: Olympus IX81

Objective lens: Plan 10x/0.4
Pixel size (microns): 0.645 x 0.645

Time step (min): 30

PhC-C2DH-U373

Glioblastoma-astrocytoma U373 cells on a polyacrylamide substrate
Dr. S. Kumar. Department of Bioengineering, University of California at Berkeley, Berke-
ley CA (USA)
Microscope: Nikon
Objective lens: Plan Fluor DLL 20x/0.5
Pixel size (microns): 0.65 x 0.65

Time step (min): 15

PhC-C2DL-PSC
Pancreatic stem cells on a polystyrene substrate
Dr. T. Becker and Dr. D. Rapoport. Fraunhofer Institution for Marine Biotechnology,
Lübeck, Germany
Microscope: Olympus ix-81

Objective lens: UPLFLN 4XPH
Pixel size (microns): 1.6 x 1.6
Time step (min): 10

Fluo-N2DH-SIM+
Simulated nuclei of HL60 cells stained with Hoescht
Dr. V. Ulman and Dr. D. Svoboda. Centre for Biomedical Image Analysis (CBIA),
Microscope: Zeiss Axiovert 100S with a Micromax 1300-YHS camera
Objective lens: Plan-Apochromat 40x/1.3 (oil)
Pixel size (microns): 0.125 x 0.125

Time step (min): 29

Fluo-C3DH-A549

GFP-actin-stained A549 Lung Cancer cells embedded in a Matrigel matrix

http://www.mitocheck.org
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Dr. A. Rouzaut. Cell Adhesion and Metastasis Laboratory, Center for Applied Medical
Research (CIMA), Pamplona, Spain
Microscope: PerkinElmer UltraVIEW ERS
Objective lens: Plan-Apochromat 63x/1.2 (water)
Voxel size (microns): 0.126 x 0.126 x 1.0
Time step (min): 2

Fluo-C3DH-H157

GFP-transfected H157 Lung Cancer cells embedded in a matrigel matrix
Dr. A. Rouzaut. Cell Adhesion and Metastasis Laboratory, Center for Applied Medical
Research (CIMA), Pamplona, Spain
Microscope: PerkinElmer UltraVIEW ERS
Objective lens: Plan-Apochromat 63x/1.2 (water)
Voxel size (microns): 0.126 x 0.126 x 0.5
Time step (min): 2 (1)

Fluo-C3DL-MDA231

MDA231 human breast carcinoma cells infected with a pMSCV vector including the
GFP sequence, embedded in a collagen matrix
Dr. R. Kamm. Dept. of Biological Engineering, Massachusetts Institute of Technology,
Cambridge MA (USA)
Microscope: Olympus FluoView F1000

Objective lens: Plan 20x/0.7
Voxel size (microns): 1.242 x 1.242 x 6.0
Time step (min): 80

Fluo-N3DH-CE
C.elegans developing embryo
Waterston Lab, University of Washington, Seattle, WA, USA
Microscope: Zeiss LSM 510 Meta
Objective lens: Plan-Apochromat 63x/1.4 (oil)
Voxel size (microns): 0.09 x 0.09 x 1.0
Time step (min): 1 (1.5)

Fluo-N3DH-CHO
Chinese Hamster Ovarian (CHO) nuclei overexpressing GFP-PCNA
Dr. J. Essers. Dept. of Cell Biology, Erasmus Medical Center, Rotterdam, The Nether-
lands
Microscope: Zeiss LSM 510

Objective lens: Plan-Apochromat 63x/1.4 (oil)
Voxel size (microns): 0.202 x 0.202 x 1.0
Time step (min): 9.5
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Fluo-N3DL-DRO
Developing Drosophila Melanogaster embryo
Dr. P. Keller. Howard Hughes Medical Institute, Janelia Farms Research Campus, Ash-
burn VA, USA
Microscope: SIMView light-sheet microscope
Objective lens: 16x/0.8 (water)
Voxel size (microns): 0.406 x 0.406 x 2.03

Time step (sec): 30

Fluo-N3DL-TRIC
Developing Tribolium Castaneum embryo (3D cartographic projection)
Dr. A. Jain. Max Planck Institute of Molecular Cell Biology and Genetics, Dresden, Ger-
many
Microscope: Zeiss LightSheet LZ.1
Objective lens: Plan-Apochromat 20x/1.0 (water)
Voxel size (microns): NA due to cartographic projections
Time step (min): 1.5

Fluo-N3DL-TRIF
Developing Tribolium Castaneum embryo
Dr. A. Jain. Max Planck Institute of Molecular Cell Biology and Genetics, Dresden, Ger-
many
Microscope: Zeiss LightSheet LZ.1
Objective lens: Plan-Apochromat 20x/1.0 (water)
Voxel size (microns): 0.38 x 0.38 x 0.38

Time step (min): 1.5

Fluo-C3DH-A549-SIM
Simulated GFP-actin-stained A549 Lung Cancer cells embedded in a Matrigel matrix
Dr. M. Maška and Dr. D. V. Sorokin. Centre for Biomedical Image Analysis (CBIA),
Microscope: PerkinElmer UltraVIEW ERS
Objective lens: Plan-Apochromat 63x/1.2 (water)
Voxel size (microns): 0.126 x 0.126 x 1.0
Time step (sec): 20

Fluo-N3DH-SIM+
Simulated nuclei of HL60 cells stained with Hoechst
Dr. V. Ulman and Dr. D. Svoboda. Centre for Biomedical Image Analysis (CBIA),
Microscope: Zeiss Axiovert 100S with a Micromax 1300-YHS camera
Objective lens: Plan-Apochromat 40x/1.3 (oil)
Voxel size (microns): 0.125 x 0.125 x 0.200

Time step (min): 29
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