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1. Introduction

Biological experiments and medical examinations often include the investigation of biological
samples at a cellular level — such as analysing cells or subcellular compartments — in order to
draw conclusions and propose a proper diagnosis or treatment. Analysis of single cells and more
specifically, their phenotyping can lead to much more accurate description of the studied sample
than merely examining the sample as an entity e.g. identifying the tumorous region’s extension
surrounded by healthy tissue in a section. Considering the frequency and occurrence of affected
cells as well reveals more subtle details about the progression of deviation (e.g. in case of a
tumour) or vitality and may provide valuable insight into the functional differences compared

to healthy samples. Hence, we focus on samples at the single-cell level.

Analysing vast amounts of experimental or patient-related data requires appropriate technology
both on the acquisition (automated microscopy) and the processing (i.e. analysis software) part.
Both can be aided by high-content solutions, such as high-content microscopes and slide
scanners intended for the fast and automatic acquisition of samples, and automated (usually
also intelligent) software capable of handling such large data. Such software packages often use

deep learning (DL), a technology spread worldwide relatively recently.

From the early 2010’s deep learning has been applied in numerous fields of science including
computer vision (e.g. object recognition [1] [2] [3] [4] or autonomous driving [5] [6] [7]),
language processing (take speech recognition [8] as example), medicine (such as lesion
classification [9]) etc. Despite the first appearance of deep neural networks in the 1960s (e.g.
perceptron [10], backpropagation [11] [12] [13], multilayer perceptron [14]), widespread
application has been limited for decades due to computational complexity and resource
requirements until technological advancements like high-performance GPUs (graphical
processing units) were made available commercially bringing about the era of deep learning-

powered applications worldwide. The underlying methodology is explained in section 1.1.

In this thesis, an assisted annotation tool, AnnotatorJ [15], and a so-called image style transfer-
based segmentation method, nucleAlzer [16], are proposed. Finally, specific applications are
presented [17] [18] for the analysis of single cells using the deep learning-based approaches

discussed.



1.1. Machine learning

An algorithm’s ability to learn the execution of a task either from a set of examples (supervised)
or merely features of a collected dataset provided (unsupervised) is referred to as machine
learning (ML). A specific supervised machine learning objective, classification, might be
reached via numerous classical algorithms (such as kNN: & nearest neighbour, SVM: support
vector machines etc.) using training data as examples with each example comprising of a feature
vector corresponding to an object; its analogy in cellular analysis is phenotyping i.e. sorting the
cells to distinct phenotypes (e.g. healthy, cancerous, mitotic, apoptotic etc.). Let us briefly
discuss how classical machine learning is related to neural networks (NNs) and deep learning

(DL, see Figure 1.1.) in the following subsections.
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Figure 1.1. Machine learning algorithms overview. ML: machine learning, NN: neural network, DL: deep learning

(or DNN: deep neural network), CNN: convolutional neural network.

1.1.1. Neural networks

Modelled after the fundamental structure of the human brain built from connections between
its basic processing units, physiological neurons, (artificial) neural networks (ANNSs) used in
computer science are constructed from such neurons that execute a single function, the so-
called activation function (e.g. a sigmoid), in input- and output layers forming connections

between the layers, hence a network [10] [19] [20]. Output vector y; of the i-th layer is



computed from the activation function f of its input vector x; using connections weighted with
vector w; and additional bias b as y; = f(w;x! + b); this output serves as input for the next
layer y; = x7,, in a feed-forward network [13] [19]. Shallow NNs have a single hidden layer

of neurons.
1.1.2. Deep learning

When information is propagated through multiple hidden layers from the inputs to the output
layer, a deep neural network (DNN) is constructed [19] [20]. With each additional layer the
number of model parameters increases — so does the computational complexity. Consequently,
a large training set is needed to achieve desirable performance that significantly surpasses
conventional algorithms [20]. Due to DL’s increased resource requirements, it is critical to run
DNNs on high computational performance-capable hardware such as GPUs [21] or TPUs
(tensor processing units) [22] [23].

A specific type of DNNSs, deep convolutional neural networks (CNNs) [24] [25] [20] are mainly
constructed from convolutional layers — applying the standard image processing procedure,
convolution, on their input matrix (see Figure 1.2C) — to extract features from the input and
pass them to downstream layers e.g. pooling (to reduce size) or a fully connected layer (for
classification) [19] [20]. Therefore, CNNs can be effectively used to process images, using the
images (2D matrices) as input and outputting either an image (e.g. labelled mask in case of
segmentation) [26] [27] [28] [29], object description (e.g. bounding box coordinates in object
detection) [30] [31] [3] [5] or a class label (in classification) [1] [32] [33] [34].

1.1.3. Connection to image segmentation

Reliability of microscopy image-based single-cell measurements depend on cell segmentation
1.e. identification of the underlying area (region) on the image corresponding to each cell
individually. Classical image processing methods for object segmentation include Otsu
thresholding, watershed, propagation, region growing [35] [36] etc. most of which were broadly
applied in bioimage analysis (such as CellProfiler [37]) before the DL revolution of
segmentation methods available as convenient software solutions. U-Net [26], Mask R-CNN
[27], Cellpose [38], StarDist [39] are included but not limited to the list of such methods; they

are discussed in more detail in subsection 1.1.4 and section 4.1. Alternatively, the proposed



approach nucleAlzer [16] is suggested (see in section 4.2). See examples of both classical and

DL methods on Figure 1.2. See also subsection 3.2.1 and Figure 3.1 for demonstration.
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Figure 1.2. Image segmentation methods. A) Crop of a challenging image region with clumped, out-of-focus
nuclei according to inset on B marked in red, and its corresponding ground truth segmentation overlayed with
random colours. Original image is from DSB test1 [40] (see in subsection 4.3.1). B) Original image and its ground
truth, as on A. C) A segmentation CNN whose input is an image-mask pair as on B. Two arbitrary examples are
shown for image convolution in a dashed box on input image crop from A: weighted average (Gaussian) and edge
enhancement (Sobel); mask values are colour-coded (light: high, dark: low). D) Semantic segmentation of A as a
binary image; result of Otsu thresholding F. E) Instance segmentation of A, objects are labelled; result of Mask R-
CNN [27]. F) Probability map with floating point values in [0,1]; result of U-Net [26] (e.g. ilastik [41] [42]
produces similar maps too). G-1) Classical algorithms: G) Otsu thresholding, H) watershed applied on G, I) region

growing from seed points.

1.1.4. Related work

CNNs used in this thesis mainly include Mask R-CNN [27]: an object detection- and instance
segmentation network (see Figure 1.2E), U-Net [26]: a pixel classification network typically
used in semantic segmentation (see Figure 1.2F-D) and finally pix2pix [43]: a generative

adversarial network (GAN) [44] for image-to-image translation (see Figures 4.2B, 4.4, S2-3).

Mask R-CNN [27] is an extension of its predecessor, Faster R-CNN [45] appended with a mask
branch to yield segmentation masks inside the detected bounding boxes. The most important

additions are 1) the RolAlign layer for feature extraction which is quantization-free as opposed



to RolIPool of the other and 2) separating mask and class prediction by predicting a mask for
each class, respectively, without classification and using the ROI classification branch to
classify them. The network has a ResNet backbone for feature extraction, while the Faster R-

CNN head is extended with a fully convolutional mask prediction branch.

U-Net [26] was published as specifically intended for bioimage segmentation due to the
generally occurring shortage of labelled data for training; it can be trained on a few dozens of
images. In contrast, most CNNs expect thousands or tens of thousands of training samples. U-
Net’s encoder consisting of convolutional layers is responsible for understanding image context
via down-sampling with max pooling layers, while the decoder for localization using up-
sampling. They form a U-shaped fully convolutional network with skip connections for more

precise localization.

GANs are constructed from two fundamental parts that compete during training: the generator
attempts to output data nearly indistinguishable from real input while its opposition is set out
to identify the artificially generated samples; the latter is called the discriminator [44]. Our
selected GAN, pix2pix [43] performs image-to-image translation, that is it learns to transform

the input images to a set of targets and outputs artificial images displaying the defined pattern

(style).
1.2. Biological background

Personalized medicine has the potential of becoming a future application in various uncurable
diseases [46]. The most crucial step of such treatment development is the validation of
efficiency on the target cell types, preferably at a single-cell level. Studying the effect of
treatment may be performed on either cell cultures or tissue sections from patients; single-cell

phenotyping is required for reliable and accurate results in each case.

To visualize the expression of certain protein products (e.g. those affected by the currently
studied drug compound) or more generally the functional integrity of the cells, different kinds
of labelling techniques can be applied. Most frequently, fluorescent dyes are used to label
certain proteins or cellular compartments (such as the nucleus, cell membrane, cytoskeletal
proteins like actin or tubulin, lipid droplets or virus particles in infection studies etc.). Typically,

DAPI or Hoechst (both emit blue fluorescent light upon appropriate excitation) is used to label
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the nucleus, e.g. Alexa Fluor dyes' are usually for cytoskeleton, while expressed proteins are
often tagged with GFP (green fluorescent protein) or mCherry (red). However, fluorescent
labelling often prevents the examination of living cells (except for expressed fluorescent
proteins) as the dye conjugation to the target biological structure may cause perturbations or

even cell death.

Live-cell assays are usually conducted in a label-free manner (i.e. brightfield microscopy
without staining) which proposes challenges to image processing of the sample. Brightfield
staining is conventionally applied to tissue sections, most frequently haematoxylin and eosin
(H&E), or immunohistochemical (IHC) markers are used to highlight the target structures. We
will concentrate on the software-guided analysis of microscopy images acquired from the

samples and highlight the different challenges corresponding to each sample type discussed.
1.2.1. Cell cultures

Culturing is a convenient technique in high-content screening experiments as it allows testing
of various compounds and treatments in several dosages simultaneously on multi-well plates,
possibly on different cell lines. Patient-derived cells can also be cultured in case of clinical trials

or medical treatment.

Preparing and maintaining the cell cultures requires experience e.g. to avoid contamination of
the medium or mixing of reagents. Each well of a multi-well plate can be used as a separate
experimental environment enabling the examination of numerous configurations in a large-

scale manner which is ideal for e.g. drug screens or genome knockout experiments?.

Regarding the analysis of such samples, after undergoing microscopy, the acquired images are
analysed with appropriate software; image processing is generally more straightforward in case
of cell culture images compared to tissues (especially when using fluorescent labelling, due to

negligible background signal).

! Alexa Fluor dyes are referred to by numbers close to their excitation wavelength; the colour of emitted fluorescent
spectrum is listed here: 488 — green, 568 — orange, 594 — red, 647 — far-red etc.

2 Bach gene in a certain pathway — signalling or metabolic — is knocked out (turned off) one by one, and the cellular
response is studied. It can be used to understand the function of a gene in its pathway or its lethality.
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1.2.2. Tissue sections

Frequently used in pathology, tissue sections of the target organ are visually inspected to
identify affected regions (e.g. tumorous vs healthy). Samples might originate from patients or

model organisms and are primarily stained with H&E.

As for their software-guided image analysis, the intrinsic 3D nature of the few microns-thick
sections might cause difficulties: cells or nuclei located above or below the given focal plane
appear out-of-focus and occluded by surrounding tissue which renders accurate segmentation a
challenge. However, also arising from the biological structure of the sample, cells imaged in
tissue resemble their true appearance more faithfully than in 2D culture®, therefore provide

further information on the underlying cellular processes.

1.3. Microscopy

Even though only label-free or brightfield-stained (such as H&E) samples might be observed
with it, conventional light microscopy suitable to view live cells, cultures, fixed samples or
tissue sections is still the most commonly used type of microscopy in cell biology laboratories.
Additionally, high-content screening facilities and pharmaceutical industry are equipped with
fluorescent (screening) microscopes as well allowing better distinguishability of labelled
compartments on separate channels. Furthermore, electron microscopy (EM) can also be used
to study subcellular processes at a high resolution without labels, while phase-contrast or
differential interference contrast (DIC) techniques may also yield volume information of the
objects relative to the bulk sample e.g. in live tissue; 3D spheroids can be visually sliced with
light-sheet microscopy. Each method has their own advantages and intended application
spectra; however, analysis of the produced images might face various obstacles. Target objects
on images acquired in a label-free manner are more difficult to distinguish from the background
(culturing dish or adjacent tissue), while fluorescent samples might suffer bleaching* or —

together with brightfield stains — aggregates can cause artefacts.

3 we note that 3D cell cultures i.e. spheroids or organoids offer a more appropriate reconstruction of the target cell
type or organ than 2D cultures, however, in this thesis we do not concentrate on 3D cultures

4 when exhaustingly excited, fluorescent molecules undergo conformational change and cannot be further
excited to emit signal



12

2. Aims

We set out to demonstrate how large training data can be generated and used to train image
segmentation models. To reach our goals, we conducted two studies: 1) how to efficiently create
annotated data sets and 2) how to train robust and accurate instance segmentation DNNS.
Subsequently, we investigated how our proposed solutions can be used in real projects and

briefly discuss their findings.
The main points of this thesis are as follows.

1) Annotator], an annotation tool implemented as an ImageJ/Fiji plugin is proposed to help
manual object annotation on images via DL.
2) nucleAlzer, a DL instance segmentation pipeline is discussed that utilizes image style

transfer to include new experimental data in training.
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3. Annotation

Regarding the topic of this thesis annotation refers to a collection of processes (manual or semi-
automatic) resulting in labelled data retrieved from images suitable to train a neural network to
perform a task. Depending on the task several types of annotation may be distinguished such as
objects’ position, category (class), extension (region) represented by either their centroid,
enclosing rectangle (bounding box), label, or list of corresponding points (pixels i.e.

segmentation); see 3.2.1. and Figure 3.1.

As DL models’ performance is dependent on the training data size and quality it is vital to have
a sufficiently large and reliable dataset at our disposal prior to training [23]. Such a dataset
might be retrieved from publicly available sources for general tasks such as scene segmentation
(see e.g. the Cityscapes dataset [47] of traffic video frames that can be used to train autonomous
driving systems) or object detection (like Facebook’s face recognition). However, medical (and
more specifically, patient-related) and biological data cannot be shared in such a
straightforward manner due to ethical constraints; even though several public datasets exist of
various tissue scans or specific object annotations of e.g. nucleus (see the Broad Bioimage
Benchmark Collection [48] [40] [49]). To emphasize its significance in diagnosis, several
worldwide challenges have been conducted to push the state of the art in cell segmentation (e.g.
DSB 2018 (Kaggle) [40] [50], annual ISBI [51], MoNuSeg 2018 (MICCAI) [52] or MoNuSAC
2020 (ISBI) [53]), classification (e.g. Histopathologic Cancer Detection 2019 (Kaggle) [54],
ISBI 2019 [55] or [53]) and tracking (e.g. ISBI 2012 [56]). An expert-annotated dataset was

released with each of them positively contributing to potential future methods and applications.

3.1. Annotation strategies

We conducted a thorough comparative analysis of existing annotation software solutions [15]
and concluded that most suffer disadvantages either in usage restrictions (whether they are open
source, cross-platform, consider sensitive data handling etc.), free availability or supported
functionality (specifically focusing on assistance of annotation). A review table from [15] is
provided as Supplementary Table 1. These software packages usually allow multiple types of
annotation such as point, ellipse, rectangle, polygon, free-hand drawing and paint brush strokes.

Some operate as a web-service, hence regarding the biological or medical samples discussed in



14

this thesis locally installable ones are preferred (thus no data is ought to be shared outside the

laboratory).

An arbitrary selection of such methods is displayed herein including but not limited to LabKit
[57], Diffgram [58] and CytoMine [59] [60]. LabKit is an Imagel] [61] [62] [63] plugin
recommended for annotation by the authors of StarDist [39]; it allows trainable labelling and
consequently automatic pixel classification similar to ilastik [41] [42] and Trainable Weka
Segmentation [64] (also an ImageJ plugin). Certain pieces of software integrate DL. models to
decrease annotation time and effort; see Diffgram [58] with Tensorflow [65] support and both
local and online versions as an example, or CytoMine [59] [60] offering a web interface for
annotation with various options and DL model support alongside its local version for general

image processing tasks.

3.2. AnnotatorJ

We developed an annotation tool — Annotator] [15] — in the broadly applied bioimage analysis
software, ImagelJ/Fiji [61] [62] [63] as a plugin to ease usage for end-users in a potentially
familiar environment, allow integration into processing pipelines and trivial modification by
developers in the image processing community. Annotator] can be used to annotate objects on
2D images (see supported annotation types in subsection 3.2.1. and Figure 3.1) and offers
assistance in its Contour assist function (see in 3.2.2.) using a pre-trained U-Net model-based
solution that initializes the object boundaries, thus merely minor subsequent fine-tuning is
required by the user to create annotations. This approach allows increased efficiency — both in
terms of sparing considerable effort from the expert drawing contours, and faster annotations;

see subsection 3.3.1. for detailed results.

Not only can Annotator] become beneficial in bioimage analysis, it may also be employed in
general annotation tasks such as crafting datasets of casual object types on images e.g. vehicles,
signs and pedestrians in traffic to train self-driving cars’ object recognition algorithms (see

3.3.3. and Figure 3.7 for demonstration and further examples).
3.2.1. 2D object annotation on images

Depending on the given task various kinds of annotations can be constructed on a 2D image.

Typically, object detection or recognition (in networks like YOLO [5] [66] or Faster R-CNN
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[45]) expects bounding box coordinates of the target object class, while segmentation can be
realised in two distinct manners: instance (such as Mask R-CNN [27], StarDist [39] or CellPose
[38]) or semantic (e.g. U-Net). The former defines individual objects as distinct segmented
regions — therefore overlapping or adjacent objects can be separated — while the latter does not
store such information but the distinct classes of regions; see examples on Figure 3.1.
Corresponding export data formats can be extracted with the supplemented exporter plugin,

AnnotatorJExporter.

annotation

original instance semantic

multi-label binary multi-layer (stack) coordinates

export

Figure 3.1. Annotation and export types supported in Annotator]. A sample fluorescent cell culture image is
annotated in red representing the three annotation types (instance, semantic and bounding box — the latter denoted
as ‘bbox”) identifying the nuclei (stained in blue). Possible export types are connected with colour-coded lines for
each annotation type, respectively. Dashed lines indicate that even though conversion to an export type is possible,
results might not contain what the given export type was intended for (e.g. touching objects on a semantic
annotation image exported as coordinates might contain multiple objects merged as one since they cannot be

separated). Figure is adapted from [15].

Additionally, classes can be assigned to each annotated object in instance or bounding box
annotation types using the Class mode of Annotator] (by selecting its checkbox in the main

window of the plugin). Detailed description of all available functionality as well as install
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instructions are supplemented to [15] in its corresponding GitHub repository’s documentation

(https://github.com/spreka/annotatorj/blob/master/Annotator] _documentation.pdf).

Annotation options can be set either in the plugin by 1) selecting checkboxes in the main
window to e.g. edit existing contours, overlay additional annotations, add new objects
automatically or use Class mode or Contour assist (see 3.2.2. for details) etc., 2) adjusting
parameters in the options window (via button “...”) for e.g. brush size or Contour assist settings,
or 3) in the config file AnnotatorJconfig.txt (located by default in /plugins/models/ in the ImageJ
folder) including e.g. model path and defaults such as class list for saving, annotation type and

colour etc.
3.2.2. Contour assist function

Semi-automatic annotation is feasible in the plugin via its Contour assist function for which
either a classical image processing algorithm (region growing [35] [36]) or a DL network, U-
Net [26] may be selected, and the given object’s contour is initialized with it so that the user
would need only to perform minor adjustment to finalize the annotation. Our aim is to avoid
fully automatic object annotation by requiring a final manual step to fine-tune, accept or reject
the algorithm-yielded boundaries to ensure user- (in bioimage annotation, expert-) curated data
i1s created — as ground truth (GT) — and is used to train subsequent models. The effect
automatically created GT data — i.e. fetched from an algorithm — may have on training is
demonstrated in [16] and section 4.3. comparing segmentation performance of models trained

on expert-annotations against automatic masks, showing increase for the former.

1.initialized U Net prediction) 2. suggested 3. refined 4. accepted

Figure 3.2. Contour assist mode. The images show contour suggestion steps in order. 1) an approximate
initialization of the object contour is performed by the user via as little as a line drawn over the object (in red), 2)
based on the U-Net prediction a contour is suggested automatically within a bounding box defined by the initial
contour, 3) the user manually refines the contour if needed and 4) the contour is added to the annotated objects
using shortcuts; see details in the software documentation. Figure is partially adapted from [15]. See also the video

supplementary in [15].
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The figure above (Figure 3.2) and the video supplementary in [15] shows how the suggested
contour (initialization) in Contour assist mode is corrected by the user, thus mostly the
uncertain or challenging image regions require tender attention from the annotator, while rather
obvious regions such as distinct objects clearly visible on the background can be easily and
quickly labelled. Therefore, minimizing user interaction needed to create an annotation, the

process is far less tedious and considerably faster: see evaluation in subsection 3.3.1.

The process of contour suggestion — considering the use of U-Net as the underlying method as
presented on Figure 3.2 —is performed as follows. Firstly, a region in which contour suggestion
is desired to happen automatically must be marked by the user; this is the initialization step that
might be performed by a roughly drawn line across the object. Its purpose is to define a
bounding box extended to x-by- x pixels in width and height around the initial contour, where
x is defined in the plugin configuration file or in the options. Subsequently, the selected method
(U-Net) is used to determine pixels in this bounding box whose probability of belonging to the
target class (object) is larger than a weighted threshold t to yield a suggested contour around
such a defined region of pixels. This contour is displayed on the image for minor correction by
the user — using brush editing according to ImagelJ standard — to align the contour precisely to
the object boundaries as the user sees fit. Finally, the revised contour can be accepted or rejected

(even without edit) via shortcuts in the plugin. Suitable tools are automatically selected.

When the classical region growing [35] [36] algorithm is selected for Contour assist a more
precise initialization is expected to define the seed within the object which the algorithm would

extend following its constraints ideally towards the true edge pixels of the object.

The major bottleneck of DL model-assisted semi-automatic annotation is the need for prior
existence of an appropriate pre-trained model in the target object class. Obviously, such a model
can be trained on publicly available datasets that exist for several applications (as introduced in
the beginning of chapter 3); however, reliability cannot be guaranteed per se, e.g. in the PSB
2015 dataset [67] (based on TCGA [68] [69]) storing image region annotation masks
corresponding to specific cellular phenotypes on histological images only polygons are marked,
consequently preventing accurate image segmentation model training that would rely on pixel-
precise regions. Notably, the extracted regions still hold valuable information of the target class

and may be used to train e.g. an object detection method. On the other hand, as the case for



18

several published datasets [70] [40] where curation was performed by multiple experts
simultaneously on the same data averaging was applied in cases when the experts disagreed —
in e.g. the exact boundary pixels, or whether to include an image region as an object of the
target class against out-of-focus regions or debris resembling real objects —, an obvious GT
might be difficult to find. We also experienced this phenomenon as explained in 3.3.2.

comparing annotators.

Additionally, users can train their own custom models and use them in Annotator]; see

subsection 3.2.3. for details.
3.2.3. Implementation details

Image] [61] [62] [63] was chosen as the implementation framework (written in Java) for this
plugin due to its broad user base among both image analysts and developers. The Annotator]
plugin can be installed via Imagel/Fiji’s built-in updater with the following credentials: update

site name is Annotator.J, URL is https://sites.imagej.net/Spreka/.

Alternatively, it can be built from source using maven [71] following instructions provided in

the GitHub repository’s readme (https://github.com/spreka/annotatorj#building-from-source)

or  used as a standalone pre-built  version from  the releases

(https://github.com/spreka/annotatorj/releases) where a U-Net model pre-trained on

heterogeneous nucleus data can also be found.

Annotator] uses DL4J [72] for the U-Net model implementation in Java which allows any
custom user model trained in the Keras [73] framework (whether in Python or DL4J) to be
loaded in the plugin. Consequently, any target class of object can be efficiently trained in

Annotator]J (see also subsection 3.3.3).

U-Net might be substituted with two alternative classical image processing algorithms to aid
contour initialization: region growing [35] [36] and active contours [74]. While such classical
algorithms promise faster execution on conventional computers, their accuracy is significantly
lower. Even though DL predictions may be accelerated with GPU implementation [21]
(provided optionally in the plugin via DL4J, configurable with maven), the default CPU version
is preferred in most use-cases to allow usability on potentially any computer device without a

dedicated GPU which is the typical case for the primary target audience of biologists.
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Easy and convenient integration in a further DL framework, OpSeF (Open Segmentation
Framework) [75] is also possible via its data structure support in AnnotatorJ using the plugin
AnnotatorJImportOpSef. This plugin treats images and masks created in OpSeF as simulated z-
stacks to allow handling of 3D-like image data, and imports/exports annotations and masks as
such. Masks to import might be results of an instance segmentation algorithm (like StarDist
[39], included in OpSeF) or also carry class information which is preserved upon import to
AnnotatorJ. Simulated slices of the stack can be scrolled alongside their corresponding ROIs
displayed as overlays (following Image] ROI visualization) while objects of different classes
are identified by their contour colours. Masks exported from AnnotatorJ are saved to separate
files by classes (see the documentation for technical details) allowing re-import and further

processing in OpSeF.

3.3. Results

We tested Annotator] with regards to annotation time and accuracy on the following four

distinct image sets’; example images are displayed on Supplementary Figure S1.

1) nucleus target object class on a variety of cell culture and histology images acquired
in brightfield or fluorescence microscopy

i1) cytoplasm target object class on an image set similar to 1)

1i1) cytoplasm target object class on an electron microscopy (EM) image set from ISBI
2012 [56]

1v) car target object class on an arbitrary selection from the Cityscapes dataset [47]

The plugin was evaluated according to annotation time (see in subsection 3.3.1) and contour
accuracy (details are given in subsection 3.3.2) on these test image sets. We asked experts with
biological image annotation experience to participate in the tests and annotate the test images
twice: firstly, with the Contour assist mode of AnnotatorJ, then without it only enabling the
automatic adding function. We ensured the comparability of these pairwise experiments by

asking each annotator to perform both trials on their own computer (with the same hardware

5 sets 1) and ii) contain images provided as courtesy from Kerstin Elisabeth Dérner (ETH Ziirich, Switzerland),
Andreas Mund (University of Copenhagen, Denmark and Max Planck Institute, Germany), Viktor Honti (BRC,
Hungary) and Hella Bolck (University Hospital Ziirich, Switzerland)
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parameters). We found that for an optimal performance 8 GB of RAM is needed — which is

feasible even in conventional laptops (as of writing this thesis).
3.3.1. Annotation time efficiency

Annotation time was measured in the plugin on an object-level for all tests. Figure 3.3 displays
mean annotation times in ms on test sets i-iv in the pairwise test (with or without Contour
assist). We concluded that with Contour assist annotation times were significantly decreased
for test sets i,iii and iv on average (6 times out of 9); see our two-sample t-test statistics in Table
3.1. We note that test set ii (cytoplasm images) contained objects we found the most difficult
and time-consuming to annotate as overlaps are frequently present and membrane borders can

often be barely separable from surrounding tissue structures (in case of histopathology images).

Nucleus annotation time «10% Cytoplasm annotation time
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Figure 3.3. Annotation times on test sets i-iv comparing Contour assist mode with another useful function of
Annotator] (automatic adding of objects). Times were measured per object on each image then averaged for all

objects and all images in the given test set. Error bars show SEM (standard error of the mean: standard deviation
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divided by the square root of the number of elements). Panels A-D correspond to test sets i-iv, respectively. Figure

is partially adapted from [15].

annotator test set
nucleus cytoplasm EM cars
#1 2.11e-20%*** 1.48e-05****  0.002958**
#2 0.738399 0.978379 0.362086 0.028521*
#3 1.18e-39%*** 0.381501 5.09e-05%***

Table 3.1. Two-sample t-test evaluation of annotation time efficiency using Contour assist mode. For each test
set we tested the null hypothesis that annotation times measured with either Contour assist or automatic adding
function have equal means at « = 0.05 significance level, times were considered on a per object level. In each cell
p-values are displayed; asterisk notation is as follows: *: p<0.05, **: p<0.01, ***: p<0.001, ****: p<0.0001;
significant difference is displayed in bold. Mean annotation times usually decreased using Contour assist, we mark
cases with increased time in grey. We note that even though paired t-test seems to have been applicable here, the

number of annotated objects did not match (see Table 3.2), hence we chose two-sample t-test.

annotator test set
nucleus cytoplasm EM cars
#1 344351 3651359 140 | 159 5455
#2 402|392 427|419 182|187 57157
#3 309|340 307|359 155|169 51150
GT 389 401 164 56

Table 3.2. Total number of objects in each test image set. Annotated object numbers presented are as: Contour

assist | auto adding.

Independent experts were asked to create ground truth (GT) annotations (masks) prior to these
statistical tests. Table 3.2 shows the object numbers found by annotators in each test set in
Contour assist and automatic adding modes compared to GT; a considerable difference is
always found for any given expert even on the same test image set — especially prominent in
the most obvious case of cars — showing both intra- and inter-expert deviances (see also in

3.3.2) focusing merely on detected object numbers.
3.3.2. Accuracy evaluation

The same experiments as in subsection 3.3.1 were used to evaluate the accuracy of annotations.

Intersection over union (IoU) was chosen as an evaluation metric for contour accuracy
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compared to ground truth masks. IoU score is computed as the intersection area divided by the
area of the union of the predicted object and its corresponding ground truth object; the best-
matching object pairs were selected. This score can be calculated at several thresholds t, the
range [0.5,0.95] by 0.05 steps is used in this thesis, by counting the number of true positive
(TP), false positive (FP) and false negative (FN) objects; see equation 3.1. An object is TP if
its IoU score is greater than the current threshold t. An arbitrarily small &= 107%° is added to
the denominator for numerical stability. The formula resembles that of precision (equation 3.2),
it may be considered as a modified mean average precision, and is also referred as Jaccard index
(equation 3.3 where x corresponds to the prediction pixels and y to the ground truth). This
metric was also used in chapter 4; we followed the definition given in the Data Science Bowl

(DSB) 2018 [40] [50] nucleus segmentation competition as represented on Figure 3.4 below.

IoU = TP®) 3.1

oU score(t) = 75y ¥ FP(D) + FN(D + & (3.1

. B TP(t) 32
precision(t) = TP + FPO + & (3.2)
Jaccard index(x,y) = XNyl = X0yl (3.3)

lxuyl x|+ 1yl —lxnyl

] I
. 0

0.95

Figure 3.4. IoU scores. Formulation matches that of DSB 2018 as in equation 3.1. Visual examples represent
several IoU scores; the green circle is the ground truth, the red one is the prediction while yellow marks the
intersection. An loU score of 0.0 means no overlap, while 1.0 means total overlap with the ground truth. Even at
a threshold of 0.5 (see top right example) the overlapping area of the objects yields a relatively fine detection,

while at IoU>0.9 only a few pixels differ.

We computed an IoU score for each test image in each set at the ten selected thresholds,
averaged them for each image to yield a single IoU score per image, then calculated the mean
over each image set (see Figure 3.5). Since image numbers did not change between the pairwise

experiments (using or not using Contour assist), paired t-tests were applied for all image sets,
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paired by annotators. We found significant difference for only one of the experts in test set ii;
asterisk notation is used on Figure 3.5 as in Table 3.1. Test set ii (cytoplasm images) was
expected to yield larger accuracy difference as these images were the most difficult due to
complicated background, crowded areas and overlapping objects resulting in uncertainty. Our
results confirm that the accuracies showed larger inter-expert than intra-expert differences (see

Fig. 3.6), proving that Annotator] can be efficiently and accurately used to create annotations.
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Figure 3.5. Annotation accuracies according to mean IoU scores. Scores for images were averaged in each test
set. Error bars show SEM, colours and notations are as in Figure 3.3. Legend is omitted for panel B for better
visibility and is the same as in A. Panels A-B correspond to test sets i-ii, respectively. Asterisk notation corresponds

to p-values of paired t-tests, significance is shown as in Table 3.1. Figure is partially adapted from [15].
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Figure 3.6. Visual representation of difference between annotators. Inset shows a zoomed region of the original
image outlined in orange, the corresponding expert annotations (red, green and blue) and ground truth (magenta)
are overlayed as contours. A) Example from the nucleus test set, B) example from the cytoplasm test set. Figure

is partially adapted from [15].
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3.3.3. Perspectives

We demonstrate the wide range of potential applications Annotator] can be used on test sets iii
and iv; Figure 3.7 presents custom models trained on image modalities vastly different from

sets 7 and ii.

Figure 3.7. General object class annotation assisted in Annotator]. Rows show examples from the EM (iif) and
car (iv) test sets, respectively. Steps are as in Figure 3.2. (refined contours are also accepted). The EM example
contour suggested by U-Net was inverted using ‘Ctrl’+’u’ key combination in the plugin, then refined with the

brush. Contour outlines were visually highlighted in Adobe Illustrator for better visibility.

Furthermore, various household items (like cutlery, cup, laptop, furniture etc. as in the COCO
dataset [76]), or targets in automated robotic sorting systems (e.g. visual quality control of
products on an industrial pipeline [77]) can be easily annotated for free and used to train custom
models — unlike most commercially available solutions (including e.g. Lionbridge.Al [78] or
Hive [79]) that operate in a project management manner and charge the user for outsourced

annotations.

As for future improvement perspectives, further DL models could be integrated in the plugin.
Additionally, it could be extended to incorporate and utilize active learning® for the efficient

sparse annotation’ of challenging object types, further decreasing annotation time and effort.

¢ specific machine learning algorithms present such queries to the user for labelling that they are the most
uncertain about to allow fine-tuning of the class-separating function
7 annotating only a narrow selection of all the objects present



4. Image segmentation with deep learning

In the previous chapter we discussed how important it is to have reliable training data in order
to train our deep learning models accurately, and we suggested AnnotatorJ [15] as an annotation
tool to create such datasets efficiently (see Figure 4.1). Subsection 3.2.1. and Figure 3.1. show
the main types of annotation (and segmentation) as well as what kind of deep learning models
can be trained with them. Instance segmentation is particularly useful in cellular analysis since
single cell-level measurements require object-based identification of cells on microscopy

images so that downstream analysis may retrieve the accurate phenotypic profile of the sample.

Ve

adapt to style

mask DB

Figure 4.1. Connecting Annotator] and nucleAlzer. Objects annotated in Annotator] can be exported to proper
training data format suitable to train different types of deep learning models, here multi-labelled masks are shown
to fit to the nucleAlzer pipeline (see details in section 4.2). Contour assist mode may be used to suggest contours
to speed up the annotation process (see details in subsection 3.2.2). The annotated object masks are stored in a
mask database (denoted as ‘mask DB’ on the figure) that is used in the mask generation and image style transfer
step of the nucleAlzer pipeline (green box on the figure; see in subsection 4.2.4). Resulting synthetic microscopy
images adapted to the new experiment’s style (appearance) are generated and forwarded to train a segmentation
model together with the annotated masks exported from AnnotatorJ. Finally, the trained model yields segmentation

masks as output.

After a short overview of methods found in the scientific literature, we focus on an approach

that offers a new application of image style transfer [43] via generating such artificial
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microscopy images that carry the new experiments’ image domain and forward it to train a

segmentation model (see in section 4.2); we call this approach nucleAlzer [16].

4.1. Deep learning segmentation methods

As briefly introduced in subsection 1.1.4, Mask R-CNN [27] is a segmentation CNN that can
be efficiently applied on various image modalities (see e.g. the COCO dataset [76]). U-Net [26]
may also be used to retrieve instance segmentation masks (as discussed in [26] [80]) using
appropriate weights on object-separating border pixels during training. More recently, StarDist
[39] and Cellpose [38] proposed novel networks also suitable for cell segmentation on instance

level.

StarDist [39] was designed for the segmentation of star-convex polygons — making this method
ideal for the usually elliptical nuclei but unfit for eccentric cytoplasm shapes observed in cell
cultures. Since nuclei are round or elliptical, the authors claim their shape representation is more
suitable for nucleus segmentation as opposed to most methods (like Mask R-CNN) depend on
axis-aligned bounding boxes unable to properly take advantage of non-maximum suppression
(NMS) in overlapping detections. StarDist predicts object probabilities and constructs polygons
with radial distances for each, using a U-Net-based CNN, then yields instances via NMS. [39]
suggests usage in crowded fluorescent images as an example of a challenging case. The method

has a Fiji [62] plugin for prediction, and a 3D variant has also been published recently [81].

Cellpose [38] creates a vector flow representation of labelled instances (objects) and trains its
network accordingly so that it predicts horizontal and vertical flows (i.e. gradients) of objects
on test images along with a separate probability prediction whether a pixel belongs to objects,
then these three maps are combined as a flow field. Its architecture is based on U-Net [26], and
it considers image styles similar to our terminology (see in subsections 4.2.3-4) in training and
prediction. Cellpose is designed to incorporate new user annotations potentially containing new
experimental information in order to improve in time (with new releases) and be able to truly
generalize well, these annotations — as previously discussed in chapter 3 — require expert

knowledge to reliably contribute to a better performing model. It also has an online interface.

However, these solutions do not allow the incorporation of new unlabelled data modalities in

training, thus require new annotations each time. On the contrary, the proposed instance
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segmentation pipeline, nucleAlzer [16] is capable of adapting to new data via image style

transfer without any new annotation. The method is explained in the following section (4.2).

4.2. nucleAlzer

We developed nucleAlzer [16] as a pipeline based on deep learning primarily intended for cell
nucleus segmentation that has also been successfully applied in further cellular compartment
segmentation tasks (see details in chapter 5) ever since. The method was motivated by the 2018

Data Science Bowl (DSB) [40] [50] nucleus segmentation competition detailed in subs. 4.3.1.

The main advantage of nucleAlzer compared to similar — let them be DL-based or classical —
segmentation methods is its adaptation ability to such novel experimental scenarios that the pre-
trained model was not prepared for, hence is expected to perform poorly on. Even though e.g.
CellPose [38] plans to release new models trained on an extended image set of user-annotated
custom experiment-derived images to improve its generalization ability, it still depends on new
annotations (see issues in chapter 3) as most existing solutions do. nucleAlzer on the other hand
synthesises artificial intensity images based on auto-generated masks and uses them to train its
segmentation model preparing it to generalize well on the new image domain without new
annotations. The synthetic image generation step is referred to as image style transfer learning
[43]. Since such images can be generated in any desired number, it may also be used to

emphasize rare types of images originally present in the training data.

The project is open source and freely available to download for local deployment on Windows

and Unix-based systems at https://github.com/spreka/biomagdsb. Additionally, an online

version is provided for the users’ convenience for fast and easy testing on their own

experimental images at www.nucleaizer.org. Finally, CellProfiler [37] integration is also

possible via the plugin available at https:/github.com/CellProfiler/CellProfiler-

plugins/blob/master/nucleaizer.py (temporarily at https://github.com/CellProfiler/CellProfiler-

plugins/blob/master/CellProfiler3/nucleaizer.py). In the near future, nucleAlzer will also be

transformed into a napari [82] plugin.
4.2.1. 2D instance segmentation pipeline

A (heterogeneous) set of unlabelled microscopy images serves as input to the pipeline for which

accurate instance segmentation masks are yielded. Figure 4.2 shows the pipeline and displays
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the synthetic image generation step in detail (Fig. 4.2B). In brief, test images are forwarded to
a pre-segmentation model (Mask R-CNN-based), nucleus size and shape is estimated on these
pre-segmented masks and used in subsequent steps. Input images are clustered based on visual
similarity and a separate style model (pix2pix [43]) is trained on each cluster using the
unlabelled original images and their corresponding pre-segmented masks — or in case of labelled
training data, annotated masks might be used. Parallelly, new mask images are generated based
on the nuclear morphology properties (size, shape, space distribution and density) measured on
the pre-segmented masks. Then, for each cluster the trained image style transfer models are
applied on the generated masks resulting in artificial microscopy images that mimic the given
group’s style each. A Mask R-CNN network is fine-tuned on the augmented training data and
used to segment the input images rescaled according to the size estimation, and finally post-

processed with U-Net and mathematical morphology operations (see in subsection 4.2.6).

A

pre-segmentation size normalization fine segmentation post-processing
input images - A output masks
size estimation using . UNet
Mask-RCNN tensor resize Mask-RCNN morphology operations
augmentation training
data clustering fine tuning
pix2pix style transfer Mask-RCNN
B Original Clustering Building style models Applying style models

images

Style model for style no. 2

',r original
images
e e, -
rF original style model .
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Synthetic mask generation r
> o &

nuclei mask synthetic
database masks

Figure 4.2. Overview of the nucleAlzer pipeline. A) Main components of the pipeline. A pre-trained Mask R-

CNN segmentation model estimates nucleus sizes based on which images are rescaled to have uniform object sizes
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and predicted by a fine-tuned Mask R-CNN model, then post-processed with U-Net and conventional morphology
operations; as the top row shows. The bottom row explains the data augmentation and training steps: besides
conventional augmentations (e.g. flips, rotations, crops etc.) artificially created microscopy images are appended
to the training set (see on part B and subsection 4.2.4.) and a new Mask R-CNN network is trained. Training may
be iteratively repeated as the grey dashed line suggests. B) Style transfer image generation. Firstly, images are
clustered to groups based on visual similarity, then a style model is trained for each cluster so that our segmentation
model is adapted to novel image domains (according to e.g. new experiments). Simultaneously, new labelled
images (masks) are created to faithfully represent the nucleus shape, size and distribution of the given cluster.
Finally, the learnt style models are applied on the masks to yield new synthetic training data. Figure is adapted

from [16].
4.2.2. Pre-segmentation

As a first step, a Mask R-CNN-based network pre-trained on various nucleus images (referred
to as preseg model) produces a pre-segmentation mask image used to estimate the approximate
object size on each input image for subsequent training and inference as we found that models
trained with uniform object size tend to perform better (see Fig. 4.11). The preseg model is
robust to image modalities and object sizes for optimal performance, its purpose is to accurately
segment those objects it does detect so that size and shape measurements may be precise; it is
not expected to find all. Despite its primary goal, the preseg model was found to perform
relatively well since it finds most objects on distinct types of microscopy images; see
performance in subsections 4.3.1-2 and comparison to the fine-tuned segmentation model
(dubbed postComp) on Figures 4.11 and S4. preseg was trained using pre-trained weights on
the COCO dataset [76], on a heterogeneous microscopy image set containing training data of
the DSB [40] [50], public datasets [52] [68] [69] [83] [48] [84] [70] and experimental images
from our own lab and our collaborators [85] [86] [87] (see also in [16]). Multiple cell lines,
tissues of origin, imaged in different microscope types and magnifications, labelled

fluorescently or brightfield-stained and label-free samples were represented in the training set.
4.2.3. Data augmentation and clustering

The training pipeline begins with data augmentation on two levels: 1) image style transfer
learning (see in subsection 4.2.4) and 2) conventional image augmentations. Test images to
which no ground truth annotation is available are clustered to separate groups based on pairwise

similarity calculated from image-based features (intensity, texture) fetched using CellProfiler



30

[37] measurement modules. Similarities are learnt in a Weka-implementation of a shallow
neural network [88] [89] as a label of 1 is assigned to images from the same experiment or
imaging condition and 0 otherwise. This network returns a similarity matrix on test images that

is subsequently clustered.

Our selected clustering algorithm was the traditional k-means, to which we pass a similarity
matrix A computed from image features and the parameter k computed from the number of
images N and the number of elements in a cluster ny, ..., n,, through multiple runs of the
algorithm with different n;-s, then minimize to the intra-cluster distance. Thus, k is determined
automatically to yield a higher number of clusters than visible image types present in the
dataset, in order not to be error prone. Should a style be trained on such a cluster of images that
arise from different types (of microscopy, sample origin, staining etc.), generated synthetic
microscopy images would fail to resemble either of the original image types and corrupt the

finally assembled training dataset.

For each cluster, an image style transfer model is trained, and artificial microscopy image/mask

pairs are generated to boost the training set, see details in subsection 4.2.4.

synthetic
L
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Figure 4.3. Example augmentations. Each row displays an original image and four arbitrarily selected
augmentations of it. Top row shows an image style transfer learning-generated (synthetic) image, bottom row a

real microscopy image from the DSB dataset [40]. See also Supplementary Figures S2-3.

Additionally, conventional augmentation techniques are also applied on original training data

and synthetic images such as intensity stretching, histogram equalization, additive noise and
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blur, colour channel swaps, inversion, translations, flips, rotations and crops, applied with
random probabilities; see an example on Figure 4.3. We scale all training images to have

uniform object size; see our evaluation of object size-dependent performance in subs. 4.3.4.
4.2.4. Synthetic microscopy images created with image style transfer

An image style transfer model is trained by clusters to learn the mapping from a set of labelled
mask images to original (intensity) microscopy images (see on Figures 4.2B, 4.4 and S2-3).
Image-to-image translation is realized via the pix2pix [43] implementation that consists of two
generative adversarial networks (GANs) [44]: a generator whose task is to create new images
resembling the training image as closely as possible, and a discriminator that attempts to

identify the fake images. These two networks compete during training,.

train

synthetic #1

synthetic #2

¢ et
L T L

e Ny
s e

-
B\

style #1

style #2

style #3

Figure 4.4. Example training image/mask pairs and generated artificial style images. Column 1 shows training
mask/image pairs, 2-3 generated synthetic mask/image pairs. Rows correspond to three arbitrarily chosen styles.
Style #1 is a histological tissue section imaged in brightfield mode, stained with Haematoxylin and eosin, from the
DSB image set [40]; magnification and origin of tissue are unknown. Style #2 is also a histological tissue section
imaged in brightfield microscopy, IHC-stained from the Peter Horvath group (BRC, Hungary). Style #3 is a cell
line in culture labelled for nucleus and cytoplasm fluorescently (see source in Supplementary Table S2 of [16]).

See also Supplementary Figures S2-3.

Figure 4.4 and Supplementary Figures S2-3 present example train and test image pairs for

styles (clusters) from the DSB dataset [40] and our own laboratory [85] [86] [87] (see also in
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[16]). Masks are binary variations (label 1 for foreground and 0 for background) of the labelled
masks either in our training dataset or the pre-segmented masks per se. We train each image
style transfer model for a calculated number of epochs based on the number of training images

available: the more images the fewer epochs.

To provide test input for the style models, new mask images are generated as follows. The pre-
segmented masks — or annotated masks in the training set — are used to make measurements on
such as object size, morphology and spatial distribution on the 2D image plane. According to
the measured object features, appropriate (most similar) individual object (nucleus) masks are
fetched from our previously collected object mask database, as well as new artificial shapes are
generated using simcep [90] (a cell image simulator software) also based on these
measurements; the two sources contribute to the simulated objects in equal splits (50-50%).
Finally, these objects are placed on the new empty mask image to follow the localization of the
given style. The trained image style transfer models are applied on the binary form of these

masks for each cluster.

The output of the image style transfer network, synthetic microscopy images, are used to train
a segmentation model with their corresponding multi-labelled mask images. We show in section
4.3 how such synthetic training data influences segmentation accuracy on various image sets,

while the quality of our generated artificial microscopy images is demonstrated in subs. 4.3.3.
4.2.5. Instance segmentation model training and inference

Mask R-CNN [27] is used as the basis of our instance segmentation network in both the pre-
segmentation step (see in subsection 4.2.2) and in the final segmentation using rescaled tensor
sizes according to a uniform object size. The network is trained with the augmented training
data (including image style transfer output) in three epoch groups with decreasing learning rate
and targeting different layers of the architecture. Training images are rescaled such that they
have a uniform object size we determined as 40 pixels in diameter (based on the DSB dataset
[40], see quantitative evaluation on Figure 4.11), then cropped or padded to also have an equal

image size of 512x512 pixels for optimal performance.

Once trained, the fine-tuned segmentation model is used to predict instance segmentation on

input test microscopy images rescaled as discussed previously.
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4.2.6. Post-processing

A post-processing step is appended to the nucleAlzer pipeline for ideal segmentation
performance, even though in most applications such high accuracy is not needed e.g. when

simply counting cells, thus we consider post-processing as an optional final step.

The input to post-processing consists of Mask R-CNN prediction in two steps: first on 2x then
4x scaled images, and ensembled U-Net-based [26] predictions used to refine contours, as
displayed on Figure 4.5. Additionally, we use classical morphology operations such as erosion,
dilation etc. and according to the optimized post-processing parameter list obtained with a

genetic algorithm [91] we finalize the object segmentations; parameters p; to pg (see below)

were optimized for the DSB dataset [40].

10,0

Mask RCNN +/- soft margin

correction

Figure 4.5. Post-processing steps. A) Schematic overview of the steps, B) real example as in A and C. Object
segmentation from the fine-tuned Mask R-CNN (red) is extended and shrunk by x pixels to create a soft margin
(blue) around the contour within which our trained U-Net models’ ensembled prediction (yellow) is to yield the
corrected contour (green). C) original image and the post-processed contour outlined in green. Figure is adapted

from [16].

Firstly, objects are filtered such that those smaller than p,; pixels and tiny ones detected inside
other objects e.g. larger nucleoli inside the nucleus are excluded, and objects are merged when
appropriate e.g. in case of one surrounded by the other by greater than p,%. The Mask R-CNN
prediction is dilated and eroded by p; and p, pixels respectively to create a soft margin around
the contour. A threshold ps for U-Net probabilities is determined, and pixels with values above
t contribute to correct the Mask R-CNN prediction within the soft margin, while objects with a

total U-net probability below pg are removed.
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4.3. Results

Intersection over union (IoU) was used as the primary evaluation metric in this study, according
to the DSB 2018 [40] [50], formulated in subsection 3.3.2 (equation 3.1). Additionally, we also
used precision (see equation 3.2), recall (equation 4.1) and Fl-score (equation 4.2) to
quantitatively evaluate our results regarding segmentation, while accuracy (equation 4.3) was
used in our synthetic image quality test discussed in subsection 4.3.3; notation is as in
subsection 3.3.2. IoU was calculated on ten thresholds from 0.5 to 0.95 then averaged for each
image (as described in subsection 3.3.2) since it yields a fine balance between detection and
pixel-wise precision both for small and large objects: small ones consisting of a few pixels are
strictly penalized by the metric if the prediction does not properly overlap the ground truth as

well as they are easily missed, while larger objects are considered more leniently pixel-wise.

i) = TP(E) (4.1)
T T TP + FN(D) + '
precision(t) - recall(t)
F1 t)y=2- 4.2
score(t) precision(t) + recall(t) + & (4.2)
Y. correctly classified instances
accuracy = (4.3)

Y instances

We discuss our segmentation accuracy evaluation on the DSB 2018 [40] [50] test in subsection

4.3.1, while on our custom fluorescent and histology image sets in 4.3.2.
4.3.1. Data Science Bowl 2018 competition

We originally developed nucleAlzer to compete in the DSB 2018 nucleus segmentation
competition [40] [50] where 3891 teams participated in the first stage and 739 in the second.
The competition set out to challenge image analysts and enthusiasts to create a method that is
suitable to segment various, novel experiment-related microscopy images — most not included
in the training set — representing different cell lines, tissues, stains, types of microscopy,
magnification, image quality etc. The test set of the first stage (65 images) correlated with the
official training set (670 images, later released in the Broad Bioimage Benchmark Collection,
BBBC as the BBBC038 [40] dataset), whose ground truth annotations were released at the end

of the first stage and could be used for training in the second stage. The latter test set consisted
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of 3019 images mostly acquired of such samples that were labelled for non-nucleus cell
compartments to prevent hand-labelled solutions. Even though it contained images labelled for
the nucleus, most of these were not represented in the training set. Therefore, successful
solutions needed to be prepared for generalization well enough on novel image domains. Our
adaptation strategy discussed in subsections 4.2.3-4 above currently yields the best performance
on this dataset according to the competition metric (IoU score as in equation 3.1). We finished
in the top 1% in the first stage and top 4% in the second stage of the competition, then continued

to improve the method (post-competition).

Additionally, as allowed in the DSB, we used external data sources for training from public
nucleus datasets as well as our own laboratory and collaborators (see Supplementary Table S2
in [16]). Totally 1102 annotated nucleus image-mask pairs containing 80,692 nucleus masks

were used and extended with artificially created pairs (263,701 nuclei on 2680 images).

We compared our approach to three classical methods: 1) an adaptive threshold-based object
splitting method available in CellProfiler (CP) [37], 2) a gradient vector flow (GVF)-based
solution [92] for object segmentation if the objects are bright regions on a darker background
as gradient vectors point towards the brightest spots; this is ideal in case of fluorescent images
while tends to fail on histology ones, and 3) ilastik [41] [42]: a pixel classification software
with manual user annotation to classes. ilastik predictions are either probability maps or
segmentations, we applied thresholding and object processing on the former. We also used
unetdnuclei [40]: a U-Net-based DL method developed to efficiently segment nuclei on
fluorescent cell line images, and the first two solutions of DSB stage 2 denoted as DSB1 [93]
[40] and DSB2 [94] [40]. Both DSB1 and DSB2 are based on U-Nets, the former ensembles
predictions of 32 DL networks and a boundary prediction of adjacent objects (training and

prediction are time-consuming), while the latter also predicts locations relatively within objects.

To test the effect of synthetic images used in the training dataset we also compared our
nucleAlzer pipeline trained with the following configurations regarding training data content.
Whether and how image style transfer-generated images were included in training — based on
ground truth or pre-segmented masks for GTstyle and AUTOstyle, respectively, and NOstyle
was trained without style images used. preseg and postComp refer to our pre-trained and fine-

tuned models, respectively, both optimized for the DSB. preseg is scale-independent and
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robust, while postComp achieves the highest pixel-precision in general, as it was prepared for
the DSB test2 set (postComp is the AUTOstyle model trained for DSB test2). Table 4.1 presents
mean IoU scores on the DSB test sets as well as on our custom image sets (f/uo and hist, see in

subsection 4.3.2).

method dataset
fluo hist DSB testl DSB test2
preseg 0.654 0.351 0.468 0.483
CP 0.599 0.255 0.333 0.528
unet4nuclei 0.653 0.052 0.138 -
GVF 0.519 0.039 0.258 0.168
NOstyle 0.676 0.381 0.542 0.621
AUTOstyle 0.626 0.421 0.585 0.633
GTstyle 0.695 0.430 0.551 -
postComp 0.705 0.484 0.561 0.633
ilastik 0.577 0.286 0.324 -
DSBI1 - - - 0.631
DSB2 - - - 0.614

Table 4.1. IoU scores. Test sets denoted as DSB test]l and DSB test2 correspond to the stage 1 and stage 2 test
sets of the DSB 2018 competition, both truly heterogeneous, while fluo is our custom fluorescent cell line image
set [49] and /ist is a heterogeneous histology image set (see in [16]) from our laboratory and collaborators. Highest
score is highlighted in bold for each test set. Methods are detailed above. Image sources are detailed in

Supplementary Table S2 of [16]. Table is adapted from [16].
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Figure 4.6. Quantitative evaluation on DSB test] set compared to other methods and style variations. Metrics are

defined in equations 3.1-2 and 4.1-2. See also Figure 4.8 and 5.2. Figure is adapted from [16].



37

Furthermore, we performed evaluation using three additional metrics: precision, recall and F1-
score as shown on Figures 4.6 and 4.8. These results confirmed our method’s superior accuracy

as the applied metrics mostly correlated for all test sets.

Finally, we also performed a qualitative comparison of these methods to reveal weakness of
each and show robustness of nucleAlzer to heterogeneous image domains; see segmentation

examples on Figure 4.7B, while Figure 4.7A shows mean IoU scores on the test sets.
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Figure 4.7. Quantitative and qualitative comparison of segmentation results. A) Mean IoU scores with error bars
(standard deviation) on the four test image sets (see fluo and hist in subsection 4.3.2). The highest score is marked
with a dashed line and pink colour. B) Example colour-coded segmentation results compared to ground truth
annotations on difficult image regions cropped. Two examples are shown per test set, and rows correspond to A.
See colour coding explained in the legend in the bottom row. We remark that ground truth annotations were not

available for DSB stage 2. See also Table 4.1. Figure is adapted from [16].

Our evaluation confirmed that nucleAlzer achieves higher accuracy than the compared methods
according to all metrics tested. We could also prove that segmentation performance increased
when including image style transfer-generated artificial data in training: see columns

AUTOstyle and GTstyle compared to NOstyle. When ground truth annotations are available
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(GTstyle), this increase is even more prominent; unfortunately, we can rarely rely on such

annotations in real experiments.
4.3.2. Custom fluorescent and histology image set performance

Our custom test image sets were denoted fluo and hist as follows. fluo is adapted from
BBBC039 [49], 200 fluorescent images of U20S cells in a chemical screen. hist consisted of
50 selected histopathology images from various sources mostly from our laboratory and the
internet (see Supplemental Data in [16] and Supplementary Table S2 in [16]) to which no
similar image domains were present in the training set so that we could efficiently test domain
adaptation of nucleAlzer to these novel experiments. When testing on these image sets, they
were completely excluded from training their respective models via automatic clustering to two
disjoint parts: one was input to image style transfer image generation and the other held out
solely for evaluation. These splits approximately halved the test sets, 100/200 fluo, 21/50 hist

and 28/65 DSB test 1 test images were reserved for evaluation.
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Figure 4.8. Quantitative evaluation on test sets fluo (A) and hist (B) compared to other methods and style
variations. Metrics are defined in equations 3.1-2 and 4.1-2. See also Figure 4.6 and 5.2. Figure is adapted from
[16].

Comparative analysis of segmentation performance was conducted as discussed in the previous
subsection for the DSB test sets, see Table 4.1 and Figure 4.7 for mean loU scores, the latter
also for qualitative results, while evaluation using additional metrics is presented on Figure 4.8

(see also Figure 4.6). Regarding the image style transfer performance increase reported on DSB
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testl (see in subsection 4.3.1), we could support our findings with independent tests on both

image sets fluo and hist (as shown on Figures 4.7-8).

4.3.3. Fake or real?

We investigated how convincing our image style transfer-generated artificial microscopy
images appeared to field experts with experience in cell biology and pathology by showing
them mosaics of real and fake (synthetic) image tiles on a grid and asked them to spot the fakes.
Each test grid contained 50-50% real and fake images, even though experts were merely told
there were examples of both kind present on each grid (their ratio remained unknown to them),
and their recognition accuracy was measured in a binary manner: 1 if they recognised the tile
correctly and 0 otherwise. The tiles were cropped to a uniform image size and placed randomly
on an 8-by-8 grid in two tests (two times 64 images, see an example crop on Figure 4.9A and

full images on Supplementary Figures S5-6).

C Target class
fake real precision
121 83 59.3%

fake

23.6% 16.2% 40.7%

135 173 56.2%
26.4% 33.8% 43.8%

Predicted
class

real

47.3% 67.6% 57.4%
52.7% 32.4% 42.6%

recall

accuracy

Figure 4.9. Synthetic image recognition test. A) sample tiled image crops, B) colour-coded representation: green
corresponds to real and red to fake tiles, C) confusion matrix of experts’ accuracy as follows. We counted predicted
labels for both classes (real and fake) and compared them to true labels (target class) as light green (correctly
classified) and red (incorrectly classified) shaded cells display, whereas precision and recall values calculated are
shown in the border cells (green percentages correspond to correct classification for the given row or column, red
to false). The bottom right cell presents mean accuracy. Precision, recall and accuracy values are as defined in

equations 4.1-3. Figure is adapted from [16].

Our four experts reached an average of 57.4% accuracy (as defined in equation 4.3) on the two
test grids, scoring between 42% and 73%; see summary on Figure 4.9C while individual expert
results on Figure 4.10. Experts generally performed better on the first test (see on
Supplementary Figure S5), especially experts 3 and 4. Our results confirm the high quality of

our synthetic microscopy images rendering their appearance fit to their individual image
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domains of real experimental images, and suggest their optimal applicability in cell

segmentation.
expert 1 expert 2 expert 3 expert 4
Target class Target class Target class Target class
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Figure 4.10. Expert accuracies in the synthetic image recognition test. Confusion matrices are as on Figure 4.9C.

See also Figure 4.9 for summed results and Supplementary Figures S5-6 for the test images.

4.3.4. Object size and segmentation error analysis

Segmentation models were trained on such images that were rescaled to have a median 40-pixel
diameter object size uniformly since it led to superior precision. We tested the robustness of
our pre-trained models preseg and postComp in a wide eight-fold object size range (10-160
pixels) on a real test image set DSB test2 (Figure 4.11) and additionally on an artificially
created image with simulated circles in the size range 1-125 pixels (Supplementary Figure
S4). The first test displayed on Figure 4.11A confirmed the optimal object size to be around
the expected 40 pixels; postComp performed the best in 1-2x of this size and remained relatively
accurate up to 4x scaling, while scores dropped far more rapidly when downscaling images.
Even though a similar trend was observed for preseg, it performed much better than postComp

on smaller sizes.

We note that on real experimental images object sizes do not vary as drastically as we simulated
in the previous tests, typically extending to %2-2x of the median as outliers. On Figure 4.11B
we show that DSB test2 contained such example images that showed an extremely uneven size
distribution around their median, suggesting that image rescaling depending on the median
object size might not be optimal for all cases. We also note that such images are rare in real

experiments. We simulated an extreme example of the aforementioned kind by placing white
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circles with diameters from 1 to 125 pixels on a blank image and predicted it without rescaling
using preseg and postComp; see Supplementary Figure S4. We found that both models
detected the objects in a broad size range: preseg found the circles with diameter 7-125 (17.5%-
312.5% of the expected 40) and postComp 7-100 (17.5%-250% of 40), respectively, with the

former retrieving more precise contours on the larger circles than postComp.

A 0.9 Median loU scores on DSB2 with 25%-75% percentiles B Median object sizes with 25%-75% percentiles
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Figure 4.11. Model robustness to object sizes present on test images. A) We tested detected objects on the DSB
test2 set in the size range “4-4x compared to the uniform size of 40 pixels diameter we used for training and
expected for prediction — image rescaling was applied accordingly. Solid lines with circle data markers show
median IoU scores (over the test set), while shaded areas extend to 25-75% percentiles. B) Nucleus diameters
measured on original images. Marking is as on A, while black arrows correspond to such images that have an
uneven object size distribution, arrows point up when the majority of objects were larger than the median and

down otherwise. See also Supplementary Figure S4. Figure is adapted from [16].

Secondly, we analysed the segmentation errors produced by our method and those we compared
to, see Figure 4.12. Instance segmentation predictions were compared on an object-based
manner and the following error types were counted on all images in a test set: 1) false positives
(FP: a predicted non-nucleus object with no overlapping GT object), 2) false negatives (FN: a
missed nucleus i.e. an object on GT with no corresponding prediction), 3) merges (multiple GT
objects detected as one) and 4) splits (multiple adjacent objects detected over one real nucleus).
For merges and splits object correspondence was determined as a minimum of 30% overlap in

case of two adjacent objects compared to the best match while 15% for more.
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Figure 4.12. Comparative segmentation error analysis. A-B) Real example images with the typical error types
outlined, colours denote the errors: yellow for split, red for FP, green for FN and blue for merge. Predictions
(column pred) were produced with postComp, GT outlines are also shown for visual comparison in insets. B)
displays a difficult histology image where our method as well as all compared methods tend to fail. C-E) Error
type distribution on test sets fluo (C), hist (D) and DSB testl (E), respectively. Methods are ordered by the sum of

all errors. Figure is adapted from [16].

This evaluation was inspired by [49] where the authors compared DL networks (U-Net [26] and
DeepCell [95]) to the baseline software solution widely used in bioimage analysis, CellProfiler
[37], and concluded that DL methods help reduce the frequency of such segmentation errors
while also retrieving more faithful contours (smoother and better fit to the objects).
Furthermore, they found that small objects were the most likely to be missed by each method.
Based on our test sets we can also confirm that DL methods (variations of nucleAlzer on all
sets and unetdnuclei on fluo) indeed produce significantly fewer errors in total than the
compared classical algorithms, as expected. The reported contour smoothness increase as well

as more frequent miss of small objects were also observed.

The segmentation errors presented on Figure 4.12A-B are common in bioimage analysis,
especially in classical methods such as CP (CellProfiler), GVF and ilastik who typically detect
false objects more often and tend to split larger non-circular shapes or merge adjacent objects

and background regions with similar texture. We note that unet4nuclei was fine-tuned and
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published on test set fluo hence it performed the best on this set. However, it could not have
been trained accurately enough on heterogeneous sets Aist and DSB testl since its U-Net basis
retains uncertainty in complex image regions such as on histopathology images. Conclusively,
nucleAlzer was the most robust on all sets in general and produced the fewest total errors, even
though it had difficulties with complex cases such as tissue background regions resembling
object texture or tiny nuclei as well as elongated shapes. Generally, false negative was the most

common type of error for all methods.
4.3.5. Perspectives

nucleAlzer was appended with an online tool available at www.nucleaizer.org to enable

biologists and pathologists worldwide to test our pre-trained models on their own experimental
images for which no computer science knowledge is needed. Users can simply drag-and-drop
their images, select one of our models and obtain segmentations returned in about a minute®;

see Supplementary Figure S7.

Another method arose from the DSB 2018 competition [96] using test-time augmentation
(TTA) to boost prediction performance of Mask R-CNN and U-Net with repeated predictions
on augmented versions of test images (see Supplementary Figure S8), and achieved an even

higher score on the DSB test2 set.

We benchmarked nucleAlzer against another DL network, CellPose in the Deep Visual
Proteomics (DVP) project [18] (see details in section 5.2) and achieved superior performance
on both nucleus and cytoplasm segmentation on various histology tissue samples. nucleAlzer
was also successfully applied in a genome-wide screen project (results unpublished, see in
section 5.1) and a SARS-COV-2 project [17] (see in section 5.3). Additionally, our
collaborators both domestically and internationally use it to achieve state-of-the-art cellular

compartment segmentation performance in ongoing projects (see chapter 5).

8 Speed strongly depends on the number of requests in the queue, the uploaded number of images (limited to 10
per session), their image size and the number of objects on each.
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5. Applications

High-content screening is a cell biology method to identify small molecules, peptides or RNAi
highly parallelly, in a large sample, to change the phenotype of the cells, using automatic
methods such as robot pipetting, microscopy and analysis software [97] [98]. A typical analysis
pipeline is depicted on Supplementary Figure S9. After preparation of the sample to be
analysed (treatment and labelling), images are acquired by a high-throughput microscope, then
pre-processed (for quality control) and segmented to find cellular compartments e.g. nucleus
and cytoplasm, descriptive features are extracted (intensity, texture, morphology) and finally,
an automatic software classifies the cells (assigns phenotypes to them) and creates reports for
downstream analysis. Remarkably, the majority of these processing steps (after image
acquisition) may be substituted with a single appropriate DL network that can predict the
phenotype of cells (and optionally also segment them, such as Mask R-CNN [27]). A pipeline

is considered classical in this thesis if it does not include DL models for processing.

We successfully applied our methods in real-life projects with our collaborators internationally,
and herein present a selection of them including but not limited to the following three detailed

in the following sections.

5.1. Genome-wide screen project

In collaboration with the Kutay group at ETHZ (Eidgendssische Technische Hochschule,
Ziirich, Switzerland) we conducted a genome-wide 60S screen using siRNAs (small interfering
RNAs) to study the genes affecting ribosome biogenesis pathways. 608 is the large subunit of
the ribosome (the small subunit is referred as 40S), both their biogenesis begins in the nucleolus
of the cell (small compartment in the nucleus) and is completed in the cytoplasm. Different
siRNA knockdowns (or knockouts) were used to demonstrate the cellular localization of
ribosomal proteins e.g. increased nucleolar- or decreased cytoplasmic signal, suggesting their
potential role in ribosome biogenesis. Nuclei were labelled with DAPI (blue), RPL29
(Ribosomal Protein L29) was tagged with GFP (green, reporter gene).

Initially, when we started its preceding project about 40S several years ago, classical solutions
were used to segment the cells (based on nucleus objects as seeds propagated to the boundaries

of the cytoplasm [37]) and classical machine learning (ACC: Advanced Cell Classifier [99], an
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automatic classification software tool) to find the distinctive phenotypes based on the GFP

signal in nucleoli (inside the nucleus) and in the cytoplasm [100] (see Fig. S9).

Recently, we applied nucleAlzer [16] to segment the nuclei robustly and more efficiently than
previously, and additionally trained a separate model for the nucleoli based on the GFP channel
(see Figure 5.1). We aimed to increase phenotyping accuracy with these DL-retrieved contours.

Results of this project are not yet published.

Figure 5.1. Example segmentation in the genome-wide screen project. Left: original image, right: outlines. Nuclei
(yellow) were segmented on the DAPI- and nucleoli (magenta) on the GFP channel. A-B) Example regions. A)
shows mitotic cells (strong green signal, round cells) in the middle. B) displays two cells with no GFP signal in

the bottom right corner. Original image was courtesy of Kerstin Elisabeth Dorner (ETHZ).

5.2. Deep Visual Proteomics project

The Deep Visual Proteomics (DVP) project [18] is a collaboration of our laboratory with the
group of Matthias Mann at the University of Copenhagen (Denmark) and Max Planck Institute
(Germany), and Emma Lundberg at Karolinska Institute (Stockholm, Sweden), aiming to
achieve single-cell resolution with automatic high-throughput analysis of plates (cell lines) and
whole slides (tissue sections) using DL methods to find cells corresponding to phenotypes of
interest, cut them with laser microdissection, collect and finally forward them to proteomic
analysis such as mass spectrometry (MS) [101]. Currently, phases of cell cycle are used to prove
the efficiency of the DVP, as the identified proteomic profile of the collected single cells from
three distinct phases based on microscopy image analysis (using DL segmentation and classical
machine learning-based classification) indeed show the proteins corresponding to the identified
phases reported in scientific literature [102]. Furthermore, different types of histopathology
samples including melanoma, ovarian cancer and salivary gland tissue slides are profiled with

DVP.
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We used nucleAlzer [16] to segment the nucleus and cytoplasm of single cells in each sample
and benchmarked its performance to a baseline classical algorithm (CellProfiler, CP [37]), and
two DL-based methods: 1) unetd4nuclei [40] (see in subsection 4.3.1) and 2) Cellpose [38] (see
in section 4.1). nucleAlzer was found to yield more accurate segmentations in all tested cases
than the others promoting its applicability in DVP; see Figures 5.2-3. Multiple metrics
(including mean IoU as used in chapter 4, mAP, IoU and F1-score at 0.7 IoU threshold; see
definitions in equations 3.1-2 and 4.1-2) were used for benchmarking to emphasize the superior

segmentation accuracy of nucleAlzer as the applied nucleus and cytoplasm segmentation

method in the project.
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Figure 5.2. Comparative segmentation accuracy evaluation of nucleAlzer in DVP. Fluorescently labelled U20S
cell culture, as well as IHC-marked melanoma and salivary gland tissue images were segmented with nucleAlzer
against CP (CellProfiler, classical algorithm), unet4nuclei and Cellpose (the last two are DL-based methods).
Image sets were evaluated according to the following metrics: mean loU, mAP, IoU at 0.7 threshold and F1-score
also at 0.7 ToU threshold (see equations 3.1-2 and 4.1-2). nucleAlzer generally performs the best (in some cases
by a large margin). A) Legend corresponding to the following panels, B) U20S cytoplasm, C) salivary gland
nucleus, D) salivary gland cytoplasm, E) melanoma nucleus, F) melanoma cytoplasm evaluation. Colours show

the grouping of samples. See also Figures 4.6 and 4.8.

Pre-trained models released by Cellpose [38] were used to predict the images, nucleus and

cytoplasm models as appropriate. unet4nuclei [40] was trained on the same heterogeneous
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image set as described in chapter 4 (for postComp nucleAlzer model). Separate CellProfiler
pipelines were created and fine-tuned manually by samples. Admirably, CellProfiler performed
unexpectedly well on both tissue types when segmenting nuclei but had difficulties with
cytoplasms. On the contrary, Cellpose returned cytoplasm segmentations with higher accuracy
than nuclei for both tissues, respectively. nucleAlzer remained similarly accurate (relatively to

the other methods) for both nucleus and cytoplasm on all samples.

U20S cells melanoma tissue salivary gland tissue salivary gland tissue

original

nuclei

Figure 5.3. Example segmentation results of nucleAlzer. Fluorescent U20S cell culture images, and melanoma
as well as salivary gland tissue images were segmented with nucleAlzer and the resulting segmentations are
displayed for the nucleus and cytoplasm, respectively, compared to ground truth annotations drawn by experts
using Annotator] [15]. Colour-coding is as on Figure 4.7. Original images are courtesy of Andreas Mund

(University of Copenhagen, Denmark and Max Planck Institute, Germany). See also Figure 4.7.

5.3. Neuropilin-1 project

The year 2020 was unfortunately bound to trigger various scientific communities worldwide to
rapidly start experimenting and developing solutions to the global pandemic of SARS-COV-2
(Severe acute respiratory syndrome coronavirus 2) or simply coronavirus responsible for
COVID-19 (coronavirus disease 2019) [103]. Our collaboration with Yohei Yamauchi’s
laboratory at the University of Bristol (UK) was previously based on successful analysis of viral

infection of influenza [104]. In the current large-scale project, we could identify a novel target
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of SARS-COV-2 infection as the neuropilin-1 (NRP1) receptor on the cell surface (binding to
the viral spike protein S1) [17] as an alternative to the previously published ACE2 (angiotensin-
converting enzyme 2) receptor [105], suggesting that therapy may potentially target the

blocking of NRP1 receptor binding (e.g. via an inhibitor) to reduce viral infection.

original B cytoplasms

Figure 5.4. Segmentation results in the neuropilin-1 project. A) Zoomed-in crop showing processing steps.
Nucleus segmentation (yellow overlay) was performed with nucleAlzer, cytoplasm segmentation (cyan overlay)

with U-Net and a classical threshold-based algorithm. B) Further examples, notation (columns) is as in A.

The study was conducted on HeLa’ and Vero E6'* cells among others, both treated with the
virus particles without or after appropriate knockout of the target protein NRP1. ACE2
expression was used to demonstrate the viral uptake in cell lines 1.e. to show the cells can indeed
be infected with the virus; infection was reduced in NRP1 knockouts. Samples were
fluorescently labelled with mCherry (red) for the virus particle SARS-COV-2-N (nucleocapsid
protein) specifically and imaged with a high-content confocal microscope. Images were first

pre-processed — as mentioned at the beginning of chapter 5 and Supplementary Figure S9B —

? derived from the primary tumour of patient Henrietta Lacks in 1951. Cervical cancer epithelial cell line.
10 A frican monkey kidney epithelial cell line.
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and predicted with nucleAlzer to retrieve nucleus segmentations based on DAPI or Hoechst
(blue) signal. Cytoplasm was labelled with GFP-NRP1 (green), thus only the wild-type (wt)
was activated and expressed the signal. Both mCherry and GFP fluorescent signals were
considerably weak even in case of proper emission. To be able to reliably quantify all cells in
the sample, we prepended an additional processing step prior to cytoplasm segmentation: a U-
Net trained on binary fluorescent cytoplasm masks was used to predict pixel probabilities based
on which cytoplasms were found with a threshold-based algorithm. See Figure 5.4 for

demonstration.

Accurately segmented nucleus and cytoplasm masks were used for reliable feature extraction
and classical supervised machine learning training to learn the phenotypes such as negative,
single infected and multi-nucleated infected cells. The latter were found in large cell fusion
areas regarded as syncytia, their area and number of included nuclei were important descriptors:
NRP1 knockouts showed considerably reduced syncytia phenotype (both in frequency and area)

than their wild-type variants.

5.4. Perspectives

Furthermore, nucleAlzer and Annotator] are frequently applied by our collaborators
worldwide, primarily in high-content screening projects and pathology laboratories. We briefly

discuss a selection of such ongoing projects below.

We applied a segmentation strategy similar to as described in section 5.3 in our collaboration
with the Martinek group (University of Szeged, Hungary) to quantify increased antibody cargo
signal emission after appropriate treatment of cell lines. This project was a follow-up on a
previous study [106] where cytoplasmic lipid droplet signal was quantified. HeLa cells were
labelled with Hoechst (blue) for the nuclei and FITC (green) for the cell membrane, while
Alexa647 (red) marked the antibody cargo bound to the target peptide carrier. The extension of
individual cells i.e. cytoplasm segmentation was performed on a U-Net-enhanced version of
the original image to compensate generally weak signal emission from the membrane further
from the boundaries of the cell; see Supplementary Figure S10. Nuclei were precisely

segmented with nucleAlzer [16] based on the Hoechst channel. Intensity measurements were
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conducted in CellProfiler [37] to demonstrate cargo infiltration to the cytoplasm driven by the

peptide carrier. Results of this study are yet to be published.

Together with dermatologist Istvan Németh (University of Szeged, Hungary) we analysed
patient-originated tissue samples stained with various melanoma markers and quantified the
population of cells showing the phenotype melanoma among stromal cells. 4HNA, ACSL and
MITF markers were used to label the cells, nucleAlzer [16] was used to segment single nuclei,
and phenotypes were trained in ACC [99] using extracted intensity, texture and morphology

features (CellProfiler [37], see Supplementary Figure S9D-E). Results are unpublished.

We are working on a large-scale project in collaboration with Hella Bolck (University Hospital
Zirich, Switzerland) to classify ccRCC (clear cell renal cell carcinoma) cells to low-grade,
high-grade and rhabdoid categories in H&E-stained whole-slide patient kidney tissue sections.
As in our recent projects, nucleAlzer is used to segment nuclei and nucleoli, while phenotyping
is based on feature extraction and classical machine learning (see also Supplementary Figure
S9D-E). Training data annotations are partially created in AnnotatorJ [15]. Results of this study
are not published yet.
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6. Discussion

In this thesis, cell biology and pathology derived microscopy image analysis was addressed at
a single-cell level to provide detailed insight to the mechanism of action, viability or disease
progression of individual cells in a sample, that may potentially contribute to deeper
understanding of specific treatment such as in drug screens or clinical trials, or diagnosis in
personalised medicine. Our approaches are based on instance segmentation, that is to find the
image region corresponding to an individual object (e.g. cell or cellular compartment such as
nucleus or cytoplasm) which is to serve as basis of downstream analysis: image-based
measurements can support (automatic software-guided) phenotyping decisions, cells of interest
may be forwarded to molecular analysis including transcriptome (sequencing), proteome (e.g.

mass spectrometry), lipidome etc. profiling.

Phenotypes can be retrieved with classical machine learning methods (such as SVM, kNN,
clustering etc.) via expert-provided training examples (see e.g. ACC [99] — as applied in [100];
see also chapter 5). However, these strongly depend on the accuracy and descriptive power of
coupled features (extracted from cells based on images) and reliability of the training set —
depending on the expert to classify training instances correctly. The former constraint can be

met via appropriate segmentation algorithms.

To obtain cell segmentations, either classical methods such as Otsu thresholding, watershed,
object splitting, region growing [35] [36] etc. may be applied on microscopy images available
in software broadly used in the bioimage analysis community including Imagel/Fiji [61] [62]
[63], Knime [107], Icy [108], CellProfiler [37] etc., or machine learning- (e.g. ilastik [41] [42])
based approaches offer convenient solutions. Recently, several deep learning (DL) methods
have also been published for image- and more specifically, cell segmentation problems. Most
of the mentioned software tools in the first category (classical) have progressed to keep up with
the state-of-the-art, hence modern DL methods are being made available in latest core releases
or as custom user-provided plugins (e.g. U-Net segmentation plugin in Fiji [62] [80], or our
nucleAlzer plugin in CellProfiler [16] [37] — see later). The last group of methods (DL-based)
often employ novel CNN (convolutional neural network) architectures to best fit to the given
task and incorporate appropriate pre-processing of input data e.g. optical flow vectors in

Cellpose [38] (published in 2020), or expect prior constraints to be met as in StarDist [39]
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(2018) intended for nucleus-like (convex) shapes. The most commonly used DL methods many
of the recent publications (e.g. unetdnuclei [40] (2019), Cellpose [38], StarDist [39], nucleAlzer
[16] (2020)) build on are U-Net [26] (2015) and Mask R-CNN [27] (2017). Even though both
can be trained to return precise segmentations on new image data, the bioimage analysis
community tends to prefer such software tools that rather offer a pre-trained model or can easily
be configured with a graphical user interface (GUI). One way of steps in this direction is
releasing software as interactive python notebooks (e.g. Jupyter [109]) so that users can visually
inspect the effect of configurations (such a solution is available in OpSeF [75] (2020), StarDist
[39] or unetd4nuclei [40]). Models pre-trained on general or experiment-specific data are also
commonly released with publications (see Cellpose [38], OpSeF [75], StarDist [39], nucleAlzer
[16], unet4nuclei [40]). Supplementarily, online interfaces are also created where users can
quickly try DL segmentation (using pre-trained models) on their own experimental images (see

e.g. nucleAlzer [16] or Cellpose [38]).

On the other hand, DL methods rely on a typically large (except for U-Net) training set whose
accuracy depends on the experts collecting and labelling the data [20] [23]. Even though several
datasets are available as free and open source (e.g. the Broad Bioimage Benchmark Collection
[48] [40] [49], or annual DL challenge datasets like ImageNet [110], DSB2018 [40] [50] etc.)
and usually cover a wide range of image modalities, new experiments might potentially fall out
of their scope. Therefore, new annotations are often required to achieve desired precision for
which purpose an appropriate annotation software can be used; some open-source tools are

Diffgram [58], Cytomine [59] [60], LabKit [57] etc.

AnnotatorJ [15] is proposed as an annotation software using DL to assist contour definition,
available as an ImageJ/Fiji [61] [62] [63] plugin. Beyond numerous convenient functions for
easy data handling, saving, classification, editing, batch import/export, customization, shortcuts
etc., an integrated pre-trained DL model (U-Net) can be loaded and used for assisted object
annotation via contour suggestion. Additionally, custom user-provided models can also be used
to annotate various object classes on images. The plugin allows export to various data formats
suitable to directly train different DL models such as semantic masks for e.g. U-Net, instance
labelled masks for e.g. Mask R-CNN or object coordinates according to the COCO dataset [76]
format etc. We demonstrated the efficiency both in terms of annotation time and pixel precision

on multiple image modalities including cell culture and histopathology images (from various
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experiments, cell and tissue types, labelling, types of microscopy, image quality etc.) as well as
conventional photos taken in traffic (Cityscapes dataset [47] collected in various cities in
Germany, showing diverse weather and scenes). Consequently, we suggest AnnotatorJ shall be
applied in cell biology or custom casual annotation projects to create training datasets for object
detection, classification, semantic- or instance segmentation. The project is open source,

available on GitHub and well documented.

Such a custom annotated dataset may serve as basis of application or development of novel
segmentation methods and customized model training. An efficient and robust instance
segmentation DL method, nucleAlzer [16] is proposed, primarily intended for nucleus
segmentation — however, additional cellular compartments such as cytoplasms [18] or nucleoli
were also successfully retrieved using distinct models trained with our approach; see projects
in chapter 5. nucleAlzer utilizes artificially generated image-mask pairs for unknown domain
adaptation such as novel experimental setups to which no similar training data is at disposal.
These synthetic images are created with image style transfer learning [43] and enable precise
segmentation in the domain adapted to with increased accuracy — as our comparative
experiments confirmed with regards to both internal (our method with and without image style
transfer training [16]) and external (against other DL methods e.g. unetd4nuclei [40] [16] or
Cellpose [38] [18]) tests on various types of microscopy images. Additionally, this approach
requires no parameter tuning (like CellProfiler [37] or ilastik [41] [42] pipelines), estimates
object size for appropriate image rescaling automatically (locally) — on the contrary, e.g. in
Cellpose, size must be forwarded manually or a separate call must be made for size estimation
— while online (for faster prediction) a single size parameter is expected — as in the online
version of Cellpose too. We have successfully applied nucleAlzer in multiple real experimental
projects [17] [18] (see more in chapter 5), thus we are confident it will positively contribute to
the cyto-data processing community. It is also open source, applicable in a local environment,

online or integrated in common analysis software such as CellProfiler.

6.1. Conclusions

A complete workflow of annotation, training and single-cell level segmentation with deep
learning (DL) has been presented in this work. With the also DL-driven semi-automatic

annotation tool AnnotatorJ, vast amounts of object annotation may be quickly created with ease
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on images. Then, these annotated masks can be collected in a database serving as training data
alongside artificial images representing novel experimental scenarios, for the instance
segmentation method nucleAlzer. A single model may be trained for all potential imaging and

sample conditions comprising of heterogeneous image domains, then applied conveniently

either locally or online.
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Supplementary figures and tables

tool
feature i i
Labellmg Lionbridge. Hive VGG Image Diffgram  CytoMine SlideRunner Annotator]
Al Annotator
Open source v X X v v v v v
Cross-platform v service service v v Ubuntu v v
Implementation Python N/A N/A web Python, web Docker, web  Python Java
R v v v v v v v
0X
Freehand
ROI X X N/A X X v X v
Polygonal
: X v v v v v (Imagel)
Annotation|f¢8101
Semantic X X X v X v
Single v (magic
lick* X X X X X wand) v v (drag)
Edit X (drag) N/A N/A v v N/A
selection
Class option v v v v v v v
Support X Al assist N/A X v v X v
DL
Model X N/A N/A X Tensorflow N/A X Keras, DL4J
1import

*: bounding box drawing with a single click and drag is not considered a single click annotation.

Supplementary Table 1. Annotation software tools compared to Annotator]. Table is adapted from [15].
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Supplementary Figure S1. Example images of test sets used in the evaluation of Annotator] in chapter 3. Panels
A-D correspond to test sets i-iv as in Figure 3.3: A) nucleus images containing histology and cell culture images
acquired in brightfield or fluorescent microscopy at different magnifications. B) cytoplasm images as in A. C) EM
(electron microscopy) records of neuronal structures in a label-free tissue section [56]. Objects are outlined in
yellow for better visibility. D) traffic video frames from the Cityscapes dataset [47], the target object class (car) is
highlighted as in C. Figure is based on [15].
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synthetic #2

style #4

style #5

style #6

Supplementary Figure S2. Example training image/mask pairs and generated artificial style images. As on Figure
4.4, column 1 shows training mask/image pairs, 2-3 generated synthetic mask/image pairs. Rows correspond to
three arbitrarily chosen styles. Style #4 is an unlabelled histological tissue section imaged in brightfield mode,
from the DSB image set [40]; magnification and origin of tissue are unknown. Style #2 is a cell culture sample
imaged in fluorescent microscopy, labelled for the nucleoli and cytoplasm, from the DSB stage 2 test set [40] [50];
magnification, staining and origin of sample are unknown. Style #3 is a histological tissue section imaged in
brightfield mode, see source in Supplementary Table S2 of [16]. This figure is an extension of Figure 4.4. See also

Supplementary Figure S3.

train synthetic #1 synthetic #2
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Supplementary Figure S3. Example training image/mask pairs and generated artificial style images. As on Figure
4.4 and Supplementary Figure S2, column 1 shows training mask/image pairs, 2-3 generated synthetic mask/image
pairs. Rows correspond to three arbitrarily chosen styles. Style #7 is a cell culture sample imaged in fluorescent
microscopy, labelled for the cell membrane, from our collaborator Imre Gombos (BRC, Szeged, Hungary);
magnification, staining and origin of sample are unknown. Style #8 is a histological tissue section imaged in
brightfield mode, patient-retrieved kidney sample H&E-stained, from our collaborator Hella Bolck (University
Hospital Ziirich, Switzerland); magnification is unknown. Style #9 is an unlabelled histological mouse brain tissue
section imaged in brightfield mode at 40x magnification, from [85]. This figure is an extension of Figure 4.4. See

also Supplementary Figure S2.
s e @& @ . . . .' .
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Supplementary Figure S4. Size robustness of nucleAlzer pre-trained models. White circles in the size range 1-

125 pixels diameter were placed on a blank (black) image (left) and predicted with our pre-trained models (right):
preseg predictions are overlayed in green, postComp in red. Despite the latter expects objects of approximately its
trained size (40 pixels diameter) it detected them in the range 7-100, while the former is scale-independent and
expected to find most objects in a wider range, it found circles with 7-125 pixels diameter even more accurately

than the postComp model. See also Figure 4.11.
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Supplementary Figure S5. Synthetic image recognition test image #1. Tiles are 50% real and fake, respectively,

real ones are marked with a green R in the top right corner. Image sources can be found in Supplementary Table

S2 of [16]. See also Supplementary Figure S6.



70

Supplementary Figure S6. Synthetic image recognition test image #2. Tiles are 50% real and fake, respectively,

real ones are marked with a green R in the top right corner. Image sources can be found in Supplementary Table

S2 of [16]. See also Supplementary Figure S5.
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Supplementary Figure S7. nucleAlzer online tool. Numbers in grey circles in the upper left corner show the order
of steps. 1) Image upload and estimated object size setting, 2) an appropriate model most similar to the current test
image(s) is selected, 3) users wait for processing on the server side to complete and 4) segmentation results are
displayed (as overlay) and can be downloaded. Users can upload their own experimental images via drag and drop,
while downloadable results contain a 16-bit multi-labelled .tiff mask of all detected objects, individual object mask
images and contours overlayed on an RGB image, for each input test image. The object size to be estimated refers
to a median diameter in pixels (default is 20). A 256x256 8-bit 3-channel RGB image of a fluorescent cell culture

is shown as an example.
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Supplementary Figure S8. TTA (test-time augmentation) pipeline. Training images have foreground-background
masks in case of U-Net, while labelled instances for Mask R-CNN. Test images are augmented prior to prediction

by flipping and rotating them, then each augmented version is predicted by the given DL model (U-Net or Mask
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R-CNN) and finally, predictions are combined to yield a single predicted segmentation for each test image. Figure

is adapted from [96].
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Supplementary Figure S9. High-content screening pipeline. A) Wet lab and microscopy. The biologist prepares
the sample, adds reagents, compounds and labels to the cells, and pipettes them to separate wells of multi-well
plates by treatments. Highly automated robotic pipetting is available in most high-content screening laboratories.
After proper incubation and treatment, the plates are acquired in a high-content microscope automatically. B) The
acquired images are pre-processed as a quality control step to ensure the reliability of further analysis steps. Those
burdened with severe focus, noise or staining issues (such as large areas occluded by aggregated stain or very out-
of-focus) are excluded from the image set, while illumination pattern can be corrected via e.g. CIDRE [85]. C)
Segmentation of appropriate cellular compartments is usually based on the nucleus identification as a first step.
Cell lines are typically labelled for the nucleus with a separate dye to enable easy and accurate cell detection.
Further compartments e.g. cytoplasm, membrane, mitochondria, lipid droplets, encapsulated virus particles etc.
may be segmented using the nuclei as seed objects (in classical algorithms such as propagation). DL methods can
also be used to segment all these compartments much more efficiently and accurately. D) Features are extracted
from the image regions corresponding to the identified cellular compartments each; these usually include intensity-
, morphology- and texture features that describe the appearance of cells distinctively enough for automatic
phenotyping (in E). E) Software is used to automatically classify (determine the phenotype of) cells using the
feature vectors obtained in D. Expert knowledge is usually required to provide examples of each phenotype (except
for unsupervised classification via e.g. k-means clustering). Classification software generally create statistics and
graphs about the dataset for further data analysis. Such a software is e.g. ACC (Advanced Cell Classifier) [99].
We note that an appropriate DL method might be used to cover steps B-E in a single prediction (segmentation and

classification together, as in e.g. Mask R-CNN [27]). Figure is partially adapted from [111].
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segmented

Supplementary Figure S10. Nucleus and cytoplasm segmentation applied in the peptide carrier-antibody cargo
analysis project. A) Processing steps for cytoplasm segmentation. Cytoplasms (red contours) were detected with
a threshold-based algorithm on a U-Net-enhanced version of the FITC (green) channel images marking the
membrane. The weighted sum of the U-Net prediction (pixel probability map) and the FITC channel image served
as input to cytoplasm segmentation. B) Example image crops with segmented nuclei (cyan contours) and
cytoplasm outlines on images from increasing dosage of treatment — indicated by the increased number and
intensity of antibody cargos (red spots). nucleAlzer was used to segment nuclei accurately and robustly on the
Hoechst (blue) channel. Cargo intensity (red) was quantified in the cytoplasm. C) Schematic representation of the
FITC membrane intensity profile observed on images. Original images were courtesy of Norbert Imre (University

of Szeged, Hungary).
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SUMMARY

Single-cell segmentation is typically a crucial task of image-based cellular analysis. We present nucleAlzer, a
deep-learning approach aiming toward a truly general method for localizing 2D cell nuclei across a diverse
range of assays and light microscopy modalities. We outperform the 739 methods submitted to the 2018
Data Science Bowl on images representing a variety of realistic conditions, some of which were not repre-
sented in the training data. The key to our approach is that during training nucleAlzer automatically adapts
its nucleus-style model to unseen and unlabeled data using image style transfer to automatically generate
augmented training samples. This allows the model to recognize nuclei in new and different experiments effi-
ciently without requiring expert annotations, making deep learning for nucleus segmentation fairly simple and
labor free for most biological light microscopy experiments. It can also be used online, integrated into Cell-
Profiler and freely downloaded at www.nucleaizer.org.

A record of this paper’s transparent peer review process is included in the Supplemental Information.

INTRODUCTION

Identifying nuclei is the starting point for many microscopy-
based cellular analyses, which are widespread in biomedical
research. Accurate localization of the nucleus is the basis of a va-
riety of quantitative measurements of important cell functions
but is also a first step for identifying individual cell borders, which
enables a multitude of further analyses. Until recently, the domi-
nant approaches for this task have been based on classic image
processing algorithms (e.g., thresholding and seeded water-
shed; Carpenter et al., 2006), guided by shape and spatial priors
(Molnar et al., 2016). These methods require expert knowledge
to properly adjust the parameters, which typically must be re-
tuned when experimental conditions change.

Recently, deep learning has revolutionized an assortment of
tasks in image analysis, from image classification (Krizhevsky

et al., 2017) to face recognition (Taigman et al., 2014) and scene
segmentation (Badrinarayanan et al., 2017). It is also responsible
for breakthroughs in diagnosing retinal images (De Fauw et al.,
2018), classifying skin lesions with superhuman performance
(Esteva et al., 2017), and correcting artifacts in fluorescence im-
ages (Weigert et al., 2017). Initial work (reviewed in Moen et al.,
2019) indicates that deep learning is effective for nucleus seg-
mentation (Falk et al., 2019; Van Valen et al., 2016; Cui et al.,
2018); however, these methods often fail to properly separate
touching nuclei well and most importantly lack robustness to un-
seen domains.

The 2018 Data Science Bowl (DSB) organized by Kaggle, Booz
Allen Hamilton, and the Broad Institute challenged participants
to push the state of the art in nucleus segmentation. The goal
of the challenge was to develop fully automated and robust
methods effective in a variety of conditions, including differing

Cell Systems 10, 1-6, May 20, 2020 © 2020 The Authors. Published by Elsevier Inc. 1
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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cell lines, treatments, and types of light microscopy. The chal-
lenge attracted thousands of data scientists from around the
world. Approaches using deep learning dominated the competi-
tion, achieving scores that shattered what was previously
possible: the best performing traditional methods we submitted
ranked no higher than 1,000 out of 3,891 submissions in stage 1
(data not shown); even classical methods hand-tuned to five
subsets of the testing data were beaten by 85 out of 739 submis-
sions in stage 2 testing (Caicedo et al., 2019b). The top deep-
learning-based methods relied on only a handful of different
architectures, namely Mask R-CNN, U-Net, and feature-pyramid
networks; the factors that participants commonly believed had
most influence over their method’s ranking were the amount of
data, the pre-processing, and methods used to augment
the data.

We present here a superior approach we named nucleAlzer,
which, unlike the previous best submissions, applies image style
transfer (Isola et al., 2017): an image-to-image translation using a
pixel-wise mapping from one image to the other that ensures the
generated synthetic output image resembles the original as
closely as possible. It aims to overcome one of the greatest chal-
lenges of deep learning, the extent of the annotated training set.
In particular, we address the unsupervised domain adaptation
problem in which the target (test) samples are drawn from a
different distribution than the labeled training samples, but we
have access to some unlabeled samples from the target distribu-
tion. We augment the training samples by creating realistic-look-
ing artificial sample images with the texture, coloration, and
pattern elements from source images not included in the training
set using image style transfer (Figure 1). Combining this with a
segmentation network based on Mask R-CNN (He et al., 2017),
an instance segmentation and classification network, along
with boundary correction using U-Net (Ronneberger et al.,
2015), a semantic segmentation network for biomedical images,
(Figure S4) and mathematical morphology, our method outper-
forms all other methods reported on the final DSB leaderboard
(post-competition) (Our method achieved the top-score after
the competition ended. An early version of our approach placed
27th out of 739 submissions in round 2 of the competition). We
also demonstrate that our method outperforms similar baselines
on public fluorescent and histology datasets. Our trained model
does not require parameter tuning or specialized knowledge to
use and can be applied on a wide variety of conditions and imag-
ing modalities.

Our software is open source and freely available (Data S1 at
https://github.com/spreka/biomagdsb). Pre-trained networks
for DSB, fluorescent, and histology data can be applied to new
images via CellProfiler (Data S2 and at https://github.com/
CellProfiler/CellProfiler-plugins/blob/master/nucleaizer.py) or
through an online interface at www.nucleaizer.org.

Our approach (Figures 1A and S1; STAR Methods) begins by
automatically rescaling the images such that nucleus size is
approximately uniform, as the performance of the network is
improved if the nucleus size is fixed during training and infer-
ence (see STAR Methods; Figures S3 and S6). To do this, we
estimate the typical nucleus size in the provided images with
a Mask R-CNN-based network pretrained on a large set of
diverse images with nucleus segmentations and fine-tuned us-
ing the provided training data and label masks. The output of
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this network is an initial segmentation we use to estimate the
typical nucleus size. Alternatively, if the typical nucleus size is
known a priori, it can be provided manually and the images re-
scaled accordingly.

Next, to adapt our model to handle a wide variety of cell
types, staining methods, and imaging modalities, even those
for which no segmentation annotations are available, we
augment the training set with an artificially generated set of
representative image-label pairs. This is accomplished using
image style transfer. Training and inference both begin by auto-
matically clustering training images into similar styles based on
their appearance, using k-means (see STAR Methods; Fig-
ure 1B). For each cluster of similar image types, a style transfer
network (Isola et al., 2017) is trained to generate synthetic im-
ages of the desired style with nuclei at specified locations. Dur-
ing training, nucleus annotations are used to train the style
transfer network; during inference on out-of-domain target im-
ages, we use nucleus masks output from the initial segmenta-
tion network. After a style transfer network is trained for each
image style, we generate a set of artificial nucleus masks repre-
sentative of the shape, size, and spatial distribution of nuclei
belonging to that style. For this, we used ~100,000 manually
labeled single nucleus masks from the DSB set. A subset of
these nuclei is selected that represent the shape distribution
of the original morphologies, and they are placed such that
they follow the spatial distribution of the image style (see
STAR Methods). With trained style networks and representative
nucleus masks in hand, we generate synthetic images in the
desired style nearly indistinguishable from real microscopy im-
ages (see STAR Methods) with nuclei in locations defined by
the artificial masks. The synthetic image-mask pairs make up
the augmented dataset; samples are shown in Figures 1B
and S7A. The augmented data are added to the training data
for the segmentation network and further extended with
conventional augmentations (rotation, cropping, intensity
stretching, etc., see STAR Methods). For this experiment, we
generated 20 synthetic image/mask pairs for each of the 134
style clusters we identified in the final round data.

Finally, the ultimate Mask R-CNN segmentation model is
trained on the combined augmented and rescaled training
data. All images are adjusted such that the estimated nuclei
size is uniform. To refine the segmentations for high pixel-level
accuracy, the edges of each detected nucleus are corrected us-
ing a U-Net-based model trained on the same data, followed by
some mathematical morphology-based post-processing (see
STAR Methods). This step may be skipped if such accuracy is
unnecessary for the application, for example, if simply counting
nuclei.

RESULTS

We evaluated our approach on four different datasets: DSB
stage 1, DSB stage 2, our own set of fluorescence microscopy
images, and our own set of histology images from various sour-
ces (DSB1, DSB2, fluo, and hist, respectively, details in Table
S2). We compare our approach against submissions from other
teams on DSB1 and DSB2 (nearly 3,000 in stage 1 and 739 in
stage 2). As benchmarks, we include the results reported in the
first and second positions of the leaderboard, which was frozen
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Figure 1. Overview of Our Approach

(A) Upper row of boxes presents the nucleus segmentation and pre-processing; an initial Mask R-CNN network estimates typical nucleus sizes, then images are
rescaled such that mean nucleus size is uniform and a Mask R-CNN network trained on images with uniform nucleus size predicts segmentations. A contour
refinement step using a U-Net-based network with a morphology operation is applied to obtain the final segmentation result. The data augmentation pipeline is
depicted in the bottom row, the training set is augmented with an artificially generated set of image/label pairs in the target domain(s), and a pre-trained Mask
R-CNN method is fine-tuned using the augmented images. Augmentation and training steps may be iteratively repeated as the gray dashed line suggests. Upper
row depicts the inference pipeline; bottom row, training. Solid lines indicate data flow; dashed lines indicate transfer of a trained model.

(B) Image style-transfer-based data augmentation. To adapt our model to handle out-of-domain image types for which we have no segmentation labels, we
synthesize new training data by first clustering images into similar groups, then learn a style transfer model. The style transfer model is provided with simulated
nucleus masks, which mimic the number, shape, and size of the unseen nuclei, and then synthetic training image/label pairs are generated using the masks and
the style transfer models. These data are added to the standard training data provided to Mask R-CNN, and the network learns to segment nuclei in the new
domain. See also Figure S1.

at the close of the competition (https://www.kaggle.com/c/
data-science-bowl-2018/leaderboard), a recent deep learning
method, unet4nuclei (Caicedo et al., 2019a), which is based on
a U-Net (Ronneberger et al., 2015) structure, a widely used
Otsu threshold and seeded watershed method with object split-
ting (Carpenter et al., 2006), the pixel-based classification soft-
ware ilastik (Sommer et al., 2011), and a more sophisticated
but still classical gradient vector flow (GVF) based method,
where an active contour is driven to edges using gradient vectors
pointing to bright regions (Li et al., 2008) (Figure 2; Table S1; Data
S2). Notably, the DSB stage 2 evaluation is performed on an un-

known subset of the provided test images, many of which are
outside the domain of the training images, truly challenging the
ability of the model to generalize. We provide additional bench-
marks and variations of our approach for comparison—including
how our proposed style transfer learning step improves perfor-
mance—in STAR Methods and Figure S2. Training a model on
the same data with and without style transfer augmentation
showed increased accuracy with style.

Our method scores higher (DSB-score, 0.633) than the top
ranked deep learning approach (0.631, the highest of 739
teams) on the DSB stage 2 test set and has a simpler
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(A) DSB-scores with error bars (standard deviation) for four image sets: hist, fluo, DSB stage 1, and DSB stage 2 (see details in STAR Methods). DSB-score is a
modified mean average precision of segmented nuclei (see STAR Methods). Highest scores are marked with dashed lines and red color.

(B) Segmentation results for various methods on sample image crops with difficult cases (two example images of each); rows match those of (A) (note: ground
truth is not public for DSB stage 2). A crop of the original image is provided in the first column, followed by segmentation results predicted by various methods. The
color coding of the results is explained in the legend at the bottom. See also Figures S2, S5, and S8; Table S1.

architecture with fewer parameters. Our method outperforms
all other tested methods, too, including a classical baseline
(0.528) (Caicedo et al., 2019b; Carpenter et al., 2006) (Fig-
ure 2A). In addition, our proposed method outperformed all
prior published results on hist, a diverse set of histology images
and on fluo, a fluorescent image set (BBBC039; Caicedo et al.,
2019a) (see Data S1 and S2 for details). A detailed comparison
of our results against six other methods evaluated with addi-
tional metrics is provided in Table S1; Figures S5 and S8 (see
details in STAR Methods).
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DISCUSSION

We proposed a deep-learning-based nucleus segmentation
approach designed for robustness to new experimental settings,
using image style transfer to augment our training data with valu-
able out-of-domain samples. Our segmentation network learned
from these artificially generated image/mask pairs, which mimic
the patterns of new data types. This approach helped the
network adapt to a diverse set of test data outside the domain
of the training data, outperforming every other deep learning
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and classical method tested. Our generalized models success-
fully segment images across several domains, achieving perfor-
mance close to or matching that achieved by models derived
from and applied to a specific domain. The idea of augmenting
difficult-to-obtain data using style transfer has enormous poten-
tial not only for nucleus detection but also more broadly in appli-
cations requiring some form of image understanding.

Key Changes Prompted by Reviewer Comments

The manuscript was extended with the section Segmentation Er-
ror Analysis describing both advantages and limitations of our
approach compared with other methods, while practical run-
time and resource details were also given in section Methods
Used for Comparison for training and inference so that the reader
might have a better overview of applicability. Specific algo-
rithmic considerations were clarified more extensively, e.g., clus-
tering and image style transfer or post-processing. For context,
the complete transparent peer review record is included within
the Supplemental Information.
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O Materials Availability
O Data and Code Availability
o EXPERIMENTAL MODEL AND SUBJECT DETAILS
O Kaggle Competition
O Data
O Computational environment
O Related work
o METHOD DETAILS
O Overview of the Pipeline
O Training and Style Transfer Data Augmentation
O Clustering for Style Transfer Learning
O Inference
o QUANTIFICATION AND STATISTICAL ANALYSIS
O Evaluation Metrics
O Methods Used for Comparison
O Detailed Results

SUPPLEMENTAL INFORMATION

Supplemental Information can be found online at https://doi.org/10.1016/j.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Software and Algorithms

Code repository This manuscript https://github.com/spreka/biomagdsb
NucleAlzer online tool This manuscript www.nucleaizer.org

CellProfiler plugin This manuscript https://github.com/CellProfiler/CellProfiler-

plugins/blob/master/nucleaizer.py

RESOURCE AVAILABILITY

Lead Contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact, Peter
Horvath (horvath.peter@brc.hu).

Materials Availability
This study did not generate new unique reagents.

Data and Code Availability
The authors declare that the data supporting the findings of this study are available within the paper and its Supplemental Informa-
tion files.

The authors also declare that the software supporting the findings of this study are available within the paper, its Supplemental
Information files, under www.nucleaizer.org, and https://github.com/spreka/biomagdsb.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Kaggle Competition
We designed our pipeline to recognize nuclei as accurately as possible in a wide variety of images acquired with different micro-
scopes, under varying imaging conditions with different stains for nuclei of various cell types. This was the challenge set forth in
the 2018 Data Science Bowl (DSB) by Kaggle, Booz Allen Hamilton and the Broad Institute. The competition included a preparatory
stage 1, to which teams could submit their solutions during a four-month period and a 4-day long stage 2 final scoring period.
Existing nucleus segmentation methods do not generalize well, they perform well only on the limited experimental conditions they
are designed or tuned for. The Data Science Bowl was highly successful in the sense that many robust solutions were developed that
pushed the state-of-the-art in terms of segmentation performance and insensitivity to image type and quality. Solutions such as ours
are now being developed into toolkits for biologists that will accelerate science by improving automation in identifying nuclei.
We participated in the competition in both stages, reaching the top 1% in stage1 and top 4% in stage 2. The presented results are
based on further improvements post-competition.

Data

The official dataset for the challenge is composed of a training set and two tests sets, one for each stage. The number of images in
each set is 670 (training), 65 (stage 1 test), and 3019 (stage 2 test), stage 1 test masks were released in the second stage. The final
evaluation of the teams’ performance was measured on a subset of the stage 2 test set (the identity of the subset remained hidden to
the competitors). Many of the competitors used additional data besides the provided training data, as this was permitted as long as
participants shared their sources on the official competition website (https://www.kaggle.com/c/data-science-bowl|-2018). Our an-
notated training data included 12 additional data sources besides the DSB data, including some data sources annotated by experts
in our institution. This extended the total number of training image/mask pairs from 735 to 1,102, and the number of annotated nuclei
from 33,814 to 80,692 (not including the synthetic data). A summary of the data we used is provided in Table S2.

Using style transfer, we augmented our training data with synthetic image/mask pairs generated in the style of k=134 clusters of
images from the DSB Stage 2 set, as described in Sections Clustering to Synthesizing new image/mask pairs. This added 2,680 syn-
thetic image/mask pairs to the training data (approximately 263,701 annotated nuclei).

We tested various versions of our method along with several competing methods on four test datasets: DSB test1, DSB test2,
fluo, and hist. DSB test1 and DSB test2 are heterogeneous test sets from the Kaggle challenge (stage 1 and stage 2). The fluo
dataset is fluorescence images of U20S cells in a chemical screen taken from the Broad Bioimage Benchmark Collection
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(BBBCO039) (Caicedo et al., 2019a). The hist dataset is a mixture of histology images collected from the internet and prostate H&E
stained slides collected in-house.

A fraction of the histological images manually annotated in our lab were used as test set hist (see Supplemental Data). BBBC039
(Caicedo et al., 2019a) images were used to train a fluorescent segmentation model, we refer as fluo. The hist and fluo test sets are
disjoint from the respective training data.

We carefully prepared our test sets for evaluation by automatic clustering as follows. Each test set was split into disjoint parts; one
was completely held out of all training procedures and solely used for evaluation, while the remaining part served as out-of-domain
unannotated data, was clustered by k-means and forwarded to style transfer and subsequent training steps.

We collected histopathology images of test set hist intentionally from such experiments that lacked similar instances in our entire
training set to test how well our approach would perform on various out-of-domain experiments. Hence, only style transfer learning
could be used to input these missing domains’ information to our segmentation network.

All input images were initially converted to 8-bit 3-channel RGB images in.png format as well as images produced by our pipeline
(except masks).

Computational environment

Software

Our pipeline is implemented using a shell script to allow continuous execution of the entire pipeline. Python 3 scripts execute the
training and inference of Mask R-CNN, U-Net, and pix2pix which rely on the TensorFlow, Keras, and PyTorch environments. The
clustering, post-processing, and initial steps of style transfer are implemented in Matlab. Our software is available for download
at: https://github.com/spreka/biomagdsb where a detailed documentation can also be found discussing the required versions of
frameworks and details about the architecture parameters.

The entire pipeline can be run both under Linux and Windows. In a typical use case, it is not necessary to retrain any of the models.
Calling the postComp method without post processing provides excellent results. For specific experiments with no ground truth an-
notations, performing the style transfer learning part of our pipeline generates new synthetic training data in the missing domain on
which training a new model results in fine segmentation. Alternatively, an online version of our method is available at www.
nucleaizer.org.

Hardware
Our methods were trained and tested on a variety of Nvidia graphics cards, including GTX 1070, 1080Ti, and Titan Xp.

Related work

Mask R-CNN

He et al. (2017) published Mask R-CNN as an extension of Faster R-CNN to allow simultaneous instance detection and segmentation.
The network architecture is similar to that of Faster R-CNN: feature extraction uses ResNet (50 or 101 layers) or alternatively Feature
Pyramid Network (FPN), while head is as in Faster R-CNN extended with a fully convolutional mask prediction branch. A detailed
discussion of extended R-CNN versions can be found in Weng, 2017.

We decided to incorporate Mask R-CNN in our pipeline due to its robustness, scalability and instance-awareness. It is currently
one of the leading computational architectures in instance segmentation of arbitrary object classes, and its applications dominated
the methods submitted to the DSB 2018 competition alongside solutions based on U-Net.

U-Net

U-Net (Ronneberger et al., 2015) was specifically created for bioimage segmentation with an encoder-decoder architecture and skip
connections between layers of the encoding branch and decoding branch to provide the decoder with access to spatial information
to reason about upsampling the segmentation.

We applied U-Net in our post-processing pipeline as it can efficiently be used to detect subtle differences such as those around the
edges of objects. The network structure is straightforward and computationally feasible.

Post-processing the segmented nuclei per se is needed due to the inevitable uncertainty in marginal cases, like relatively small
objects most likely corresponding to false detections. We found probability maps predicted by U-Net helpful in such scenarios.

METHOD DETAILS

Overview of the Pipeline
As a first step, pre-segmentation of the input images is performed using a pre-trained deep convolutional model (which we refer as
preseg) to estimate nuclei sizes as well as to create a mask input for image style transfer learning. Simultaneously, we cluster similar
images of the input data into groups, and learn styles on these clusters (see Figure 1B and sections Clustering for Style Transfer
Learning and Learning Image Style Transfer Models for details). As a next step, we extend the training data with artificially created
style transferred images for fine-tuning a Mask R-CNN (He et al., 2017) pre-trained on our nucleus segmentation dataset. For infer-
ence on unseen data, we use the refined Mask R-CNN network incorporating knowledge about estimated cell sizes. The resulting
contours are refined with U-Net (Ronneberger et al., 2015) and a morphology step.

The proposed method consists of procedures for training and inference, as shown in Figure S1. Inference merely requires unan-
notated images as its input — provided the pre-trained models are available. Training the network produces a learned segmentation

e2 Cell Systems 10, 1-6.e1-e6, May 20, 2020


https://github.com/spreka/biomagdsb
http://www.nucleaizer.org
http://www.nucleaizer.org

Please cite this article in press as: Hollandi et al., nucleAlzer: A Parameter-free Deep Learning Framework for Nucleus Segmentation Using Image Style
Transfer, Cell Systems (2020), https://doi.org/10.1016/j.cels.2020.04.003

HOLLANDI ET AL. 2020
Cell Systems ¢ CellP’ress

model, and requires a set of annotated training data and a pre-trained segmentation network (pre-segmentation network), as well as
any available unannotated images that can be used for data augmentation. The pretrained segmentation network is crucial to both
the training and inference procedures, so we discuss it first and then continue with training and prediction steps.

Training and Style Transfer Data Augmentation

Pre-segmentation

The architecture for the segmentation networks is based on the Mask R-CNN architecture. The pretrained segmentation network
(pre-segmentation network) is used to make rough estimates about the nucleus size and shape while being robust to changes in im-
aging modality or magnification. The network is initialized with pretrained weights from the MS-COCO dataset, which contains im-
ages and segmentation masks for 91 object types including people, trucks, sheep, dogs, etc. For details about the original COCO
competition see http://cocodataset.org or the corresponding publication (Lin et al., 2014). The network was trained using a diverse
set of annotated images containing various imaging modalities, cell lines, magnifications, etc. For more information see Section Data.
The annotations consisted of segmentation masks for the nuclei. Augmentation was used during training including geometric trans-
formations, intensity stretching, cropping, noise, and blur (see Data S1 documentation for details).

The resulting network, which we refer to as preseg, already performed reasonably well on unannotated images in the test set (Fig-
ure S2), although this was not its purpose. The preseg network is used to: estimate properties of nuclei in new unannotated images
(size, shape, and area) in clustering, and to generate rough segmentations on unannotated images for the style transfer data augmen-
tation step (see the following two sections for details).

Clustering for Style Transfer Learning

Images without annotations are automatically clustered to define multiple groups with similar properties: textures, imaging modal-
ities, cell lines, sample type (tissue or culture), etc. These groups are used as data sources to learn style transfer models to generate
additional synthetic data that mimics the properties of each cluster of unannotated images.

To perform the clustering, we use a pairwise similarity metric between feature vectors describing each unannotated image. Fea-
tures were extracted using CellProfiler (Carpenter et al., 2006) modules including intensity and texture and a similarity metric was
computed by a shallow fully connected neural network (Frank et al., 2016). This similarity network was trained on the DSB train1
data set, where images taken with the same condition are given a label of 1 and images from different conditions are given a label
of 0. The output of this network on the unannotated data yielded a similarity matrix which we clustered with k-means. The number of
clusters, k=134 for DSB stage 2 test set, was chosen automatically based on the number of images to over-segment the groups to
avoid accidental mixing of the true underlying groups. Ideally, each obtained cluster of unannotated images represents a “style” or
distribution of data which can be augmented with style transfer (e.g. digital slides of H&E stained breast cancer histology samples at
63x magnification, or fluorescent images of Human MCF7 cell nuclei at 40x).

Learning Image Style Transfer Models

We use the pix2pix (Isola et al., 2017) framework for image style transfer (https://github.com/junyanz/pytorch-Cycle GAN-and-
pix2pix). The architecture consists of two adversarial networks, a generator tasked with synthesizing realistic looking images, and
a discriminator tasked with identifying real images from synthesized images. This model learns to map one image domain to another
through an adversarial loss that encourages the generator to learn to fool the discriminator. The input to the generator in our case is a
binary mask containing 1’s at the locations of the desired nuclei, and 0’s elsewhere. The input of the discriminator is an image/mask
pair (either a real pair, or a synthetically generated pair). The generator learns to transform the binary mask into the desired style of the
real images from the cluster, and the discriminator encourages this by trying to identify real image/mask pairs from fakes. We use the
rough segmentations provided by the preseg network as masks for the unannotated images in the style cluster during learning. We
train a pix2pix style transfer network to synthesize realistic images from masks for each of the style clusters.

Synthesizing New Image/Mask Pairs

Using our set of 134 trained style transfer networks, we synthesized 20 new image/mask pairs for each of the styles in the unanno-
tated data. A crucial step for this task was to generate novel binary masks to provide as input to the style transfer network, which uses
the mask to generate a realistic image of the cells with nuclei in the locations defined in the mask. We generated the masks algorith-
mically as a combination of 1) fetching real nuclei masks from a database, and 2) synthesizing nuclei using software (simcep; Leh-
mussola et al., 2007). Approximately 50% of the nucleus masks were created using each approach. In this manner, we generated 20
masks for each of the 134 style clusters, and then used the style transfer network to generate the corresponding images.

We assembled our nucleus mask database from images of the official DSB training set and further external datasets (see
Table S2) - some of which we corrected for slight contour errors - and added each nucleus mask to the database. We fetched
such nuclei masks that follow the features of the desired style and placed them on the synthetic mask images in accordance with
the localization properties of the given style.

Training the Mask R-CNN Segmentation Network

The synthetic image/mask pairs generated by the style transfer network were added to the annotated training data to update the
Mask R-CNN segmentation network. We used the implementation of Matterport (https://github.com/matterport/Mask_RCNN) and
wrote handler scripts in Python to create the appropriate data structures and call functions. Training was performed in 3 steps
with decreasing learning rate and targeted different layers of the Mask R-CNN network, as described in the documentation of the
aforementioned Matterport repository.
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The loss function was as defined in (He et al., 2017): it comprises of classification, localization and segmentation mask losses:
L=L¢ist+Lpox+Lmask by ROIs, and defines mask loss as follows. Given the k-th region does belong to ground truth class k it takes
the average binary cross-entropy loss which is formulated as

Limask = —lz > {y,-,- -log ¥ + (1—yj)log (1 —)7;)] (Equation 1)

1<ij<m

where yj is the true label of a cell (i,j) from a ROl of mxm size on the ground truth mask of class k and )7:/( is the predicted class label of
the same cell. The formula only includes masks for ground truth class k that are associated with the k-th class.

Image Augmentation and Resizing

The performance of deep learning networks is known to scale with the size of the dataset (Hestness et al., 2017). Therefore, we use a
number of approaches to augment the training data. The first, as we described above, is to add new synthetic image/mask pairs
generated in the style of unseen examples to the existing annotated training data. Each minibatch contained 10-50% synthetic
images. We also used standard data augmentation techniques including random cropping, colour channel swapping, intensity modi-
fication by histogram stretching or equalization and inversion, rotation to an arbitrary degree and translation as geometric transfor-
mations and finally, to better resemble low-quality images, blur and additive noise were used as well. These operations were applied
to all the input training data — style transfer results too — with a random probability.

MASK R-CNN is reasonably robust to changes in scale, but superior performance is obtained if the nucleus size is approximately
40 pixels in diameter for the data and parameters we used. Figure S3 shows the results of the robustness of our method with a fixed
parameter against different nuclei sizes. Quantitative evaluation is shown in Figure S6.

Another preprocessing step was to resize the images by a scaling factor to obtain a training dataset homogeneous both in cell and
image size. The scaling factors were computed from the size estimation of the preseg nucleus masks such that the resulting mean cell
size is set to 40 pixels diameter. Images were then either cropped or padded so that the resulting image was 512 x 512 pixels.

Inference

Mask R-CNN Prediction

The Mask R-CNN model trained as described above is used to predict segmentation masks when new images are provided as input.
The images are resized before they are input to the network as described in the previous section.

Post-processing and U-Net Correction

We found that the segmentations could be further improved by postprocessing and refining nucleus contours using U-Net (Ronne-
berger et al., 2015). This encouraged better boundary reasoning between adjacent nuclei, and finer segmentations with the back-
ground. First, outlier objects were removed or merged as follows: 1) Smaller objects that were entirely within another object were
eliminated. 2) objects that were surrounded by another object more than p;% were merged, and 3) objects smaller than p, pixels
area were removed. Next, U-Net based correction was performed (Figure S4): 1) an optimal threshold p3 for U-Net probability values
was determined, 2) a soft margin around the Mask R-CNN contour was defined for each object, with an extension of p4 pixels inwards
and ps outwards. The contour was extended/shrunk based on the U-Net predictions. 3) objects that had in total less than pg mean
U-Net probability were removed. Parameters p;..ps Were optimized on the training set with a genetic algorithm to the DSB-score
function (see formulation in section Evaluation Metrics). Best values were: (0.17, 44, 0.9375, 1, 1, 0.8).

QUANTIFICATION AND STATISTICAL ANALYSIS

Evaluation Metrics

The evaluation metric used for the DSB competition is based on the mean average precision, as defined on the competition website,
at different intersection-over-union (loU) thresholds. A successful nucleus detection was determined by an loU test (also known as
the Jaccard index):

_xnyl - xNy]|

= = (Equation 2)
xUy[ x| +y| = IxNy]

loU(x,y)

which measures the overlap between prediction pixels x and the annotation pixels y over the intersection of the two areas. Using a
threshold ranging from 0.5 to 0.95 with steps of 0.05, true positive (TP) detections, false positive (FP) detections and false negative
(FN) detections were identified. For a threshold of 0.5, a predicted object is considered a “hit” if the loU is greater than 0.5. For each
threshold t, a modified version of precision was calculated

5 TP(t)
" TP(t)+FP(t)+FN(t) +¢

DSB score(t) (Equation 3)
for all thresholds in (0.5, 0.95). These scores were averaged for all thresholds, and then the mean of the average scores is reported
over the images in the test dataset. In addition to the DSB-score, we evaluated our results with three additional metrics based on the
loU detection test: mean average precision- (mAP), recall and F1-score. We used the same t, TP, FP and FN values as above. We also
added a small £ = 10~*° value to the denominators.
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precision(t) = mnzpil—flt?)(t)wa (Equation 4)
B TP(t) i
recall(t) = W (Equation 5)

precision(t)-recall(t)

. Equati
precision(t) + recall(t) + ¢ (Equation 6)

F1score(t) =2

The same strategy was used to calculate mean values for these measures as was for the DSB-score, taking the average over
various thresholds t, and the mean among the test images. In the following sections, we refer to these measures as mAP (mean
average precision), mAR (mean average recall), and mF1 (mean average F1-score).

We also introduce classification accuracy regarding our style-transfer generated image quality evaluation as follows:

>~ correctly classified instances

> instances (Equation 7)

accuracy =

Methods Used for Comparison

Our tests included several variations of our method along with six competing methods and several variations of our approaching us-
ing different style augmentation: NOstyle did not contain style augmented images, AUTOstyle used nuclei masks generated by the
preseg network, and GTstyle used hand annotated ground truth to generate nuclei masks. CellProfiler (CP) (Carpenter et al., 2006) is a
widely-used bioimage analysis software incorporating several methods to segment, measure and analyze cellular compartments.
We created multiple pipelines for the different image types of the test sets —except for our fluorescent set which comprised of a single
experiment. Preseg refers to our general scale-independent pre-segmentation model while postComp is our final refined post-
competition submission (an AUTOstyle model customized for DSB test2).

We compared against several other approaches including ilastik (Sommer et al., 2011), which provides a pixel classification setup
where users can manually annotate regions of the input images to desired classes and obtain predictions as either probability maps
or segmented images. Segmentations were obtained by applying a threshold to probabilities from ilastik (with additional object split-
ting). Unet4nuclei (Caicedo et al., 2019a) is an implementation of the popular U-Net deep learning approach to segmentation. GVF
(Li et al., 2008), or gradient vector flow, is an active contour-based segmentation method suitable if objects are bright regions on a
dark background. Pipelines of these compared methods are provided in Data S2. DSB1 and DSB2 are the first and second place
entries on the final Kaggle leaderboard. The approach from DSB1 (https://www.kaggle.com/c/data-science-bowl-2018/
discussion/54741) uses a very deep U-Net architecture along with prediction of touching borders. DSB2 also uses a U-Net approach,
and forces the network to predict relative locations within each nucleus (https://github.com/jacobkie/2018DSB).

Comparing the complexity as well as the computation time and resources needed to train DSB1, we are confident to claim that our
method is considerably simpler and much faster. DSB1 combines a total of 32 trained deep neural networks to achieve their reported
score on DSB test2 set, the training of which can take days even when performed on a high computation-capable GPU (Nvidia GTX
1080Ti). In contrast, in our method only a Mask R-CNN and U-Net models are trained for prediction, taking approximately 10 hours for
training on the same GPU. The computation time for image style transfer strictly depends on the number of different styles present in
the target data as one style model is trained for each, individually taking about 15 minutes. DSB2 uses a simpler architecture.

We also investigated computation time regarding inference with our method. Even though inference time is affected by multiple
circumstances including image size, number of objects on the image and VRAM of the GPU used, an approximate one image per
2 seconds can be achieved given the following. An image of 520x696 pixels size having about 120 objects of ~20 pixels median diam-
eter size, rescaled to 2x its original size to have ~40 pixels diameter sized objects, i.e. 1040x 1396 pixels resized image, on an Nvidia
GTX 1080Ti GPU having 11 GB VRAM can be predicted in 2 seconds.

Detailed Results

Style Transfer Increases Performance

We tested the methods outlined in Section Methods Used for Comparison on four test datasets: DSB test1, DSB test2, fluo, and hist,
described in Section Data. The resulting DSB-scores are presented in Table S1. When running these tests, the test data was never
included in the data to train the model, e.g. when testing on DSB test1, the DSB test1 data was held out from the training set. Similarly,
when testing on hist, biomag2 and biomag6 subsets were held out.

The test image sets were used as style transfer learning input as determined by our automatic clustering method: a portion of the
set was left out when the clustering algorithm could not find a sufficient number of images for a cluster. Therefore, we report our re-
sults on such fractions of the test sets that none of the deep learning networks have seen prior to inference as follows. 100/200 fluo,
21/50 hist, 28/65 DSB test1 images were used for evaluation. None of the final DSB test2 evaluation image set was used for training.
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The results demonstrate that our style transfer approach improves performance in test sets containing data from heterogeneous
sources: hist, DSB test1 and DSB test2. We also see excellent performance on single domain fluorescence data, fluo. Comparing the
results of our method with (AUTOstyle [postComp is the AUTOstyle for DSB stage 2 test] and GTstyle) and without style transfer
augmentation (NOstyle), we see a clear trend towards increased performance with style transfer augmentation. If we have access
to ground truth nucleus masks (GTstyle) our performance improves, though in many realistic scenarios such masks will not be avail-
able. Figure S2 shows the output of the various methods we tested on challenging examples (note that DSB7 and DSB2 are not re-
ported because we did not have access to their code). In Figure S5, we present mAP, mAR, mF1 and mloU metrics for the various
methods on each dataset. As expected, there is a strong correlation between the metrics.

Objects of Various Sizes can Be Detected Accurately

In addition to the qualitative demonstration on Figure S3, we provide a quantitative analysis of the range of object sizes correctly de-
tected by two of our compared methods: preseg and postComp. Note that while postComp was trained on fixed sized (40 pixels
diameter) nuclei images and is expected to perform best on objects of approximately the fixed size, preseg is more flexible as we
intentionally included images presenting a wide range of object sizes in its training to prepare it for an initial robustness. Therefore
we expect preseg to detect objects robustly in a wider size range. We tested both models on DSB stage 2 test set and scaled
the images to 0.25-4.0 times relative to our generally expected median 40 pixels diameter objects. Our results confirm our expec-
tations of preseg (our scale-independent model) which performs significantly better than postComp (scaled model) on shrunk images
as presented on Figure S6 below. We found that the accuracy of both models is decreased far less rapidly when enlarging the images.

We also note that the object sizes can vary on individual images ( Figure S6B) suggesting the scaling procedure by median object
sizes cannot necessarily be optimal for all images; we mark some of the extremes with black arrows.

Synthetic Images Are often Mistaken for Real

We tested how well our style transfer-generated synthetic images compared to real microscopy images by showing a representative
selection of both to field experts (pathologists and biologists) and asked them to tell the synthetic images apart from the real ones.
The only prior information forwarded to the participating experts was there are fake images in the collection. Their decision accuracy
was measured in a binary fashion: whether the expert could identify a truly synthetic image (1) or not (0). We show an example test
image montage below (Figure S7) with the average detection of experts and the labels (real or fake). We collected 64 cropped images
each for our two test image mosaics comprising of 50% real and fake tiles, respectively.

We report an approximate 57 % accuracy (ranging from 42% to 73%) of fake image recognition averaging both our experts and the
test cases. Based on the performance of the experts we can conclude the visual quality of the style transfer-generated images is on
par with real microscopy images suggesting the advance our approach may bring to cellular compartment segmentation.
Segmentation Error Analysis
We visually compare segmentation errors and improvements on Figures 2 and S2. To better understand the distribution of such com-
mon errors in any of the analyzed segmentation methods we compared how well they perform in terms of avoiding the main error
types: 1) missing a nucleus, 2) falsely detecting an object as nucleus, 3) splitting a nucleus and 4) merging adjacent nuclei unneces-
sarily. An example image presented on Figure S8A shows them visually. All existing methods fail to overcome these issues in at least
some instances, as they significantly depend on the experimental and imaging conditions used to produce the images. Our method
aims to help reduce these issues.

We measured such types of errors as follows. 1) a missed nucleus is a false negative (FN) i.e. present on ground truth (GT) with no
corresponding object on the prediction. 2) A falsely detected nucleus is a false positive (FP): a predicted object with no corresponding
GT. 3) A split nucleus is identified as two or more predicted objects that overlap with a significant region of the best corresponding GT
object, respectively; we considered an overlap of at least 30% as significant in this case if two objects contributed to the overlap, and
15% if more. Splits were only considered if the given GT object did not have a single matching predicted object. 4) A merged nucleus
is a single predicted object that has a significant overlap with multiple GT objects each. We calculated merges similarly to splits but
swapped the role of GT and predicted objects.

We conducted our evaluation on the same subsets of each test set discussed in the previous sections. Quantitative analysis of
segmentation errors support our results: our method (and its modified versions) generally outperform the compared methods.
Comparative results are displayed on Figures S8C-S8E. Remarkably, unet4nuclei produced in total fewer errors than our methods
on test set fluo but it has been trained and published on this image set.

Segmentation errors naturally occur in automatic methods. Classical methods (CP, ilastik, GVF) tend to predict a higher frequency
of false positive objects, typically on complex background regions similar to e.g. Figure S4C. They are also more prone to merging
touching nuclei or background regions around them to the objects (see Figure S2B rows 1-2) and to split larger, irregularly shaped
objects. Unet4nuclei could not have been trained accurately enough for heterogeneous sets (hist, DSB test1) due to the inevitable
uncertainty of U-Net in complex histological regions while it excelled on the single-domain set fluo.

Our method typically failed to split (i.e. merged) very small or elongated adjacent nuclei with weak textural difference from the
dividing background region. Similarly, it unnecessarily split nuclei in cases where texture or edge information may suggest multiple
nuclei-like structures inside a single nucleus.
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Figure S1. Related to Figure 1. A detailed overview of the proposed pipeline.
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Figure S2. Related to Figure 2. Results from Figure 2 in more detail.

(A) DSB scores with error bars for the image sets tested.

(B) Segmentation results for various methods. preseg, NOstyle, AUTOstyle, GTstyle and postComp refer to variations
of our approach. See sections Data and Methods used for comparison for details.
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0.5x 0.75 x 1.0 x 1.25 x 2.0x
image resizing

Figure S3. Related to STAR Methods. Mask R-CNN nucleus segmentations are reasonably robust to changes in scale,
but we found that the best performance can be achieved if nucleus size is fixed to 40 pixels diameter (at 1.0 scale
factor).
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Mask RCNN +/- soft margin

correction

Figure S4. Related to Figure 1 and STAR Methods. Post-processing contour correction with U-Net. Mask R-CNN
segmentation contour was refined within a given maximum margin using U-Net segmentation. See Section
Post-processing and U-Net correction for details.

(A) Correction steps.

(B) Real example as in (A).

(C) Original image and result.
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Figure S5. Related to Figure 2. Evaluation of the methods on fluo, hist, and DSB test1 using different metrics: mAP:
mean average precision, mAR: mean average recall, mF1: mean average F1-score, mloU: mean intersection over union.
See definitions in Section Evaluation metrics.

(A) test set fluo

(B) test set hist

(C) test set DSB test1.

postComp is highlighted in light pink shade. Methods are sorted by mloU. Results on DSB test2 are not reported
because ground truths are not available.
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Figure S6. Related to STAR Methods. Size range analysis of our models.

(A) loU scores on DSB stage 2 test set in the size range 0.25-4.0x obtained by our preseg and postComp models
(without post-processing). Solid lines with circles show medians of the test set for each scale, while shades extend to the
25% and 75% percentiles, respectively.

(B) Object diameters in pixels on the original images, median is marked with a solid line, shades are as on a), black
arrows indicate some extreme images with an unevenly wide object size range whose direction shows whether the
majority of objects are smaller (down) or larger (up) than the median.
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Figure S7. Related to STAR Methods. Style transfer-generated image spotting test results. We asked experts with
relevant biological background if they could find synthetically generated images among real ones.

(A) Test image montage (crop).

(B) Labels: green tiles correspond to real, red to fake images in (A).

(C) Accuracy of experts in a confusion matrix: predicted labels are counted against true labels (target class) for both
classes (real and fake) as marked in light green (correctly classified) and red (incorrectly classified) shaded cells, while
precision as well as recall values are calculated in the border cells (green percentages refer the correct classification for
the given row or column, red the false). Mean accuracy is in the bottom right cell. Precision, recall and accuracy values
are as defined in STAR Methods Section Evaluation metrics (4)-(5) and (7).
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Figure S8. Related to STAR Methods. Segmentation errors.

(A) Error types overlayed on a real image in a colour-coded manner; red for FP (false), green for FN (missed), blue for
merge and yellow for split. Insets show comparison to GT. Prediction of postComp.

(B) A real example as in (A) where our method typically fails similarly to all compared methods.

(C-E) Distribution of error types on the test sets: (C) fluo, (D) hist, (E) DSB test1. Colours are as in (A), methods are
ordered by sum of all errors.
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Table S1: DSB scores

method dataset
fluo hist DSB test1 DSB test2
preseg 0.654 0.351 0.468 0.483
CP 0.599 0.255 0.333 0.528
unet4nuclei 0.653 0.052 0.138 -
GVF 0.519 0.039 0.258 0.168
NOstyle 0.676 0.381 0.542 0.621
AUTOstyle 0.626 0.421 0.585 0.633
GTstyle 0.695 0.430 0.551 -
postComp 0.705 0.484 0.561 0.633
llastik 0.577 0.286 0.324 -
DSB1 - - - 0.631
DSB2 - - - 0.614

Table S1. DSB scores. Related to Figure 2. We tested the methods described in Section Methods used for comparison
on four test datasets: DSB test1, DSB test2, fluo, and hist. Fluo was the BBBC039 (Caicedo et al., 2018) image set of
200 DAPI-labelled fluorescent images while hist was a randomly selected set of 50 in-house labeled histological images.
DBS test1 and test2 are the official test sets of the DSB 2018 competition. The DSB-score is the mean average precision
at different intersection-over-union (loU) thresholds (see Section Evaluation metrics). GTStyle is not reported for DSB
test2 because annotations are not available, as a result the postComp model is the same as AUTOstyle. The best

performing method’s score is highlighted in bold for each test set.
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Table S2: Training dataset statistics

property subset
DSB train DSBtest1  Weebly TNBC BBBCO021 Internet  biomag 02 biomag 04 biomag 05 biomag 06 jw ISBI 2009 AS 00733

fluo normal X X - - X X - - - - X X X -
) fluo clumped X X - - X X - X X X - X X
image type ) .

tissue simple X X - - - X X - - - - - - -

tissue complex X X X X - X - - - X - - - -
image size min 256x256  256x256 1000x1000 512x512 1280x1024 213x65 812x828  288x286  256x256  256x340 956x1242 1030x1349 512x512  512x512

max 1040x1388 520x696 - - - 2848x4272 1024x1344 326x327 1024x1360 2048x2048 1040x1388 - - -
number of images 670 65 30 50 5 97 11 4 5 32 20 48 11 54
number of nuclei mean/image 44.27 4152 565.23 81.12 124.40 99.18 94.27 53.25 197.60 67.03 42.30 38.10 110.27 136.15

total 29662 63.88 16957 4056 622 9620 1037 213 988 2145 846 1829 1213 7352
models trained on all all but this all all all all but hist  all but hist all all all but hist all all all all
models tested on - DSB test1 - - - hist hist - - hist - - - -
data source DSB DSB 1 2 3,4 56 7 8 9 10 11 11,12 11 11

Table S2. Related to STAR Methods. Statistics about the training data. Data sources in the last row are as follows.

1: https://nucleisegmentationbenchmark.weebly.com/dataset.html

2: Naylor Peter Jack, Walter Thomas, Laé Marick, & Reyal Fabien. (2018). Nuclei Segmentation in Histopathology Images Using Deep Neural Networks (Version 1.0) [Data
set]. Zenodo. http://doi.org/10.5281/zenodo.1174353

3: http://mct.aacrjournals.org/content/9/6/1913

4: https://www.nature.com/articles/nmeth.2083

5: hitps://lwww.google.hu/search?q=histology+microscope+nucleus&-
source=lnms&tbm=isch&sa=X&ved=0ahUKEwilxb6v_J3aAhXFFJoKHYdzAxUQ_AUICigB&biw=1366&bih=654

6: https://www.google.hu/search?q=dapi+stained+nuclei&client=-
firefox-b-ab&dcr=0&source=Inms&tbm=isch&sa=X&ved=0ahUKEwik4bK8_ Z3aAhXLDZoKHZXTDZkQ_AUICigB&biw=1366&bih=654
7: https://lwww.nature.com/articles/nmeth.3323

8: https://www.ncbi.nlm.nih.gov/pubmed/28122742

9: https://www.nature.com/articles/s41467-017-02628-4

10: Peter Horvath Laboratory

11: shared by other participating teams of the DSB on the competition website

12: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2901896/
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ABSTRACT AnnotatorJ combines single-cell identification with deep learning (DL) and man-
ual annotation. Cellular analysis quality depends on accurate and reliable detection and seg-
mentation of cells so that the subsequent steps of analyses, for example, expression mea-
surements, may be carried out precisely and without bias. DL has recently become a popular
way of segmenting cells, performing unimaginably better than conventional methods. How-
ever, such DL applications may be trained on a large amount of annotated data to be able to
match the highest expectations. High-quality annotations are unfortunately expensive as
they require field experts to create them, and often cannot be shared outside the lab due to
medical regulations. We propose AnnotatorJ, an ImageJ plugin for the semiautomatic anno-
tation of cells (or generally, objects of interest) on (not only) microscopy images in 2D that
helps find the true contour of individual objects by applying U-Net-based presegmentation.
The manual labor of hand annotating cells can be significantly accelerated by using our tool.
Thus, it enables users to create such datasets that could potentially increase the accuracy of
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state-of-the-art solutions, DL or otherwise, when used as training data.

INTRODUCTION
Single-cell analysis pipelines begin with an accurate detection of the
cells. Even though microscopy analysis software tools aim to be-
come more and more robust to various experimental setups and
imaging conditions, most lack efficiency in complex scenarios such
as label-free samples or unforeseen imaging conditions (e.g., higher
signal-to-noise ratio, novel microscopy, or staining techniques),
which opens up a new expectation of such software tools: adapta-
tion ability (Hollandi et al., 2020). Another crucial requirement is to
maintain ease of usage and limit the number of parameters the us-
ers need to fine-tune to match their exact data domain.

Recently, deep learning (DL) methods have proven themselves
worthy of consideration in microscopy image analysis tools as they
have also been successfully applied in a wider range of applications

This article was published online ahead of print in MBoC in Press (http://www
.molbiolcell.org/cgi/doi/10.1091/mbc.E20-02-0156). on July 22, 2020

*Address correspondence to: Péter Horvath (horvath.peter@brc.hu).
Abbreviations used: DL, deep learning; DL4J, Deeplearningdj; loU, intersection
over union; ROI, region of interest.
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able to the public under an Attribution—-Noncommercial-Share Alike 3.0 Unported
Creative Commons License (http://creativecommons.org/licenses/by-nc-sa/3.0).
“"ASCB®,"” “The American Society for Cell Biology®,"” and “Molecular Biology of
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including but not limited to face detection (Sun et al., 2014; Taigman
etal., 2014; Schroff et al., 2015), self-driving cars (Redmon et al., 2016;
Badrinarayanan et al., 2017, Grigorescu et al., 2019), and speech rec-
ognition (Hinton et al., 2012). Caicedo et al. (Caicedo et al., 2019) and
others (Hollandi et al., 2020; Moshkov et al., 2020) proved that single-
cell detection and segmentation accuracy can be significantly im-
proved utilizing DL networks. The most popular and widely used
deep convolutional neural networks (DCNNs) include Mask R-CNN
(He et al., 2017): an object detection and instance segmentation net-
work; YOLO (Redmon et al., 2016; Redmon and Farhadi, 2018): a fast
object detector; and U-Net (Ronneberger et al., 2015): a fully convo-
lutional network specifically intended for bioimage analysis purposes
and mostly used for pixel classification. StarDist (Schmidt et al., 2018)
is an instance segmentation DCNN optimal for convex or elliptical
shapes (such as nuclei).

As robustly and accurately as they may perform, these networks
rely on sufficient data, both in amount and quality, which tends to be
the bottleneck of their applicability in certain cases such as single-
cell detection. While in more industrial applications (see Grigorescu
et al., 2019 for an overview of autonomous driving) a large amount
of training data can be collected relatively easily (see the cityscapes
dataset [Cordts et al., 2016; available at https://www.cityscapes
-dataset.com/] of traffic video frames using a car and camera to
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annotation

original instance semantic

multi-label binary

export

FIGURE 1: Annotation types. The top row displays our supported types of annotation: instance,
semantic, and bounding box (noted as “bbox” in the figure) based on the same objects of
interest, in this case nuclei, shown in red. Instances mark the object contours, semantic overlay
shows the regions (area) covered, while bounding boxes are the smallest enclosing rectangles
around the object borders. Export options are shown in the bottom row: multilabel, binary,

bbox

LLLL

z-stack

multi- Iayer (stack)

other software also provide a means to sup-
port annotation, for example, by machine
learning-based pixel classification (see a
detailed comparison in Materials and
Methods), AnnotatorJ is a lightweight, free,
open-source, cross-platform alternative. It
can be easily installed via its ImageJ update
site at https://sites.imagej.net/Spreka/ or
run as a standalone ImageJ instance con-
taining the plugin.

In AnnotatorJ we initialize annotations
with DL presegmentation using U-Net to
suggest contours from as little as a quickly
drawn line over the object (see Supplemen-
tal Material and Figure 2). U-Net predicts
pixels belonging to the target class with the
highest probability within a small bounding
box (a rectangle) around the initially drawn
contour; then a fine approximation of the
true object boundary is calculated from
connected pixels; this is referred to as the
suggested contour. The user then manually
refines the contour to create a pixel-perfect
annotation of the object.

coordinates

multilayer images, and coordinates in a text file. Lines mark the supported export options for

each annotation type by colors: orange for instance, green for semantic, and blue for bounding
box. Dashed lines indicate additional export options for semantics that should be used carefully.

record and potentially nonexpert individuals to label the objects),
clinical data is considerably more difficult, due to ethical constraints,
and expensive to gather as expert annotation is required. Datasets
available in the public domain such as BBBC (Ljosa et al., 2012) at
https://data.broadinstitute.org/bbbc/, TNBC (Naylor et al., 2017,
2019) or TCGA (Cancer Genome Atlas Research Network, 2008;
Kumar et al., 2017), and detection challenges including ISBI (Coelho
et al., 2009), Kaggle (https://www.kaggle.com/, e.g., Data Science
Bowl 2018; see at https://www.kaggle.com/c/data-science-bowl
-2018), ImageNet (Russakovsky et al., 2015), etc., contribute to the
development of genuinely useful DL methods; however, most of
them lack heterogeneity of the covered domains and are limited in
data size. Even combining them one could not possibly prepare
their network/method to generalize well (enough) on unseen do-
mains that vastly differ from the pool they covered. On the contrary,
such an adaptation ability can be achieved if the target domain is
represented in the training data, as proposed in Hollandi et al.,
2020, where synthetic training examples are generated automati-
cally in the target domain via image style transfer.

Eventually, similar DL approaches’ performance can only be in-
creased over a certain level if we provide more training examples.
The proposed software tool was created for this purpose: the expert
can more quickly and easily create a new annotated dataset in their
desired domain and feed the examples to DL methods with ease.
The user-friendly functions included in the plugin help organize data
and support annotation, for example, multiple annotation types, ed-
iting, classes, etc. Additionally, a batch exporter is provided offering
different export formats matching typical DL models’; supported an-
notation and export types are visualized in Figure 1; open-source
code is available at https://github.com/spreka/annotatorj under
GNU GPLv3 license.

We implemented the tool as an ImageJ (Abramoff et al., 2004,
Schneider et al., 2012) plugin because ImagelJ is frequently used by
bicimage analysts, providing a familiar environment for users. While
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RESULTS AND DISCUSSION
Performance evaluation

We quantitatively evaluated annotation per-
formance and speed in AnnotatorJ (see Figures 3 and 4) with the
help of three annotators who had experience in cellular compartment
annotation. Both annotation accuracy and time were measured on
the same two test sets: a nucleus and a cytoplasm image set (see also
Supplemental Figure S1 and Supplemental Material). Both test sets
contained images of various experimental conditions, including fluo-
rescently labeled and brightfield-stained samples, tissue section, and
cell culture images. We compared the effectiveness of our plugin
using Contour assist mode to only allowing the use of Automatic
adding. Even though the latter is also a functionality of AnnotatorJ, it
ensured that the measured annotation times correspond to a single
object each. Without this option the user must press the key “t” after
every contour drawn to add it to the region of interest (ROI) list, which
can be unintendedly missed, increasing its time as the same contour
must be drawn again.

For the annotation time test presented in Figure 3 we measured
the time passed between adding new objects to the annotated ob-
ject set in ROl Manager for each object, then averaged the times for
each image and each annotator, respectively. Time was measured in
the Java implementation of the plugin in milliseconds. Figures 3 and
4 show SEM error bars for each mean measurement (see Supple-
mental Material for details).

In the case of annotating cell nuclei, results confirm that hand-
annotation tasks can be significantly accelerated using our tool.
Each of the three annotators were faster by using Contour assist,
two of them nearly double their speed.

To ensure efficient usage of our plugin in annotation assistance,
we also evaluated the accuracies achieved in each test case by cal-
culating mean intersection over union (loU) scores of the annota-
tions as segmentations compared with ground truth masks previ-
ously created by different expert annotators. We used the mean loU
score defined in the Data Science Bowl 2018 competition (https://
www.kaggle.com/c/data-science-bowl-2018/overview/evaluation)
and in Hollandi et al., 2020:

Molecular Biology of the Cell
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loUscore(t) =

loU determines the overlapping pixels of
the segmented mask with the ground truth
mask (intersection) compared with their
union. The loU score is calculated at 10 dif-
ferent thresholds from 0.5 to 0.95 with 0.05
steps; at each threshold true positive (TP),
false positive (FP), and false negative (FN)
objects are counted. An object is consid-
ered TP if its loU is greater than the given
threshold t. loU scores calculated at all 10
thresholds were finally averaged to yield a
single loU score for a given image in the test
set.

An arbitrarily small ¢ = 109 value was
added to the denominators for numerical
stability. Equation 1 is a modified version of
mean average precision (MAP) typically
used to describe the accuracy of instance
segmentation approaches. Precision is for-
mulated as

FIGURE 3: Annotation times on nucleus images. AnnotatorJ was tested on sample microscopy
images (both fluorescent and brightfield, as well as cell culture and tissue section images);
annotation time was measured on a per-object (nucleus) level. Bars represent the mean

annotation times on the test image set; error bars show SEM. Orange corresponds to Contour

assist mode and blue to only allowing the Automatic adding option. (A) Nucleus test set

annotation times. (B) Example cell culture test images. (C) Example histopathology images.
Images shown in B and C are 256 x 256 crops of original images. Some images are courtesy of
Kerstin Elisabeth Dorner, Andreas Mund, Viktor Honti, and Hella Bolck.

Volume 31 September 15, 2020

TP(t)

TP +FP () e ?

precision(t) =

Nucleus and cytoplasm image segmen-
tation accuracies were averaged over the
test sets, respectively. We compared our
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FIGURE 4: Annotation accuracies. Annotations created in the same test as the times measured in Figure 3 were
evaluated using mean loU scores for the nucleus test set. Error bars show SEM; colors are as in Figure 3. (A) Nucleus
test set accuracies. (B) Example contours drawn by our expert annotators. Inset highlighted in orange is zoomed in
showing the original image; annotations are marked in red, green, and blue corresponding to experts #1-3,
respectively, and ground truth contours (in magenta) are overlayed on the original image for comparison.

annotators using and not using Contour assist mode (Figure 4). The
results show greater interexpert than intraexpert differences, allow-
ing us to conclude that the annotations created in AnnototarJ are
nearly as accurate as freehand annotations.

Export evaluation

As the training data annotation process for deep learning applica-
tions requires the annotated objects to be exported in a manner that
DL models can load them, which typically covers the four types of
export options offered in AnnotatorJExporter, it is also important to
investigate the efficiency of export. We measured export times simi-
larly to annotation times. For the baseline results, each object defined
by their ROl was copied to a new empty image, then filled and saved
to create a segmentation mask image file. Exportation from Annota-
torJExporter was significantly faster and only required a few clicks: it
took four orders of magnitude less time to export the annotations
(~60 ms). Export times reported correspond to a randomly selected
expert so that computer hardware specifications remain the same.

Comparison to other tools and software packages

The desire to collect annotated datasets has arisen with the growing
popularity and availability of application-specific DL methods. Ob-
ject classification on natural images (photos) and face recognition
are frequently used examples of such applications in computer vi-
sion. We discuss some of the available software tools created for
image annotation tasks and compare their feature scope in the fol-
lowing table (Table 1; see also Supplemental Table S1) and in the
Supplemental Material.

We collected our list of methods to compare following Mori-
kawa, 2019 and “The best image annotation platforms”, 2018.
While there certainly is a considerable amount of annotation tools
for object detection purposes, most of them are not open source.
We included Lionbridge. Al (https://lionbridge.ai/services/image
-annotation/) and Hive (https://thehive.ai/), two service-based solu-
tions, because of their wide functionality and artificial intelligence
support. Both of them work in a project-management way and out-
source the annotation task to enable fast and accurate results. Their

2182 | R.Hollandietal.

main application spectra cover more general object detection tasks
like classification of traffic video frames. Labellmg (https://github
.com/tzutalin/labellmg), on the other hand, as well as the following
tools, is open source but offers a narrower range of annotation op-
tions and lacks machine learning support making it a lightweight but
free alternative. VGG Image Annotator (Dutta and Zisserman, 2019)
comes on a web-based platform, therefore making it very easy for
the user to become familiarized with the software. It enables muilti-
ple types of annotation with class definition. Diffgram (https://
diffgram.com/) is available both online and as a locally installable
version (Python) and adds DL support which speeds up the annota-
tion process significantly; that is, provided the intended object
classes are already trained and the DL predictions only need minor
edit. A similar, also web-based approach is provided by supervise.ly
(https://supervise.ly/; see the Supplemental Material), which is free
for research purposes. Even though web-hosted services offer a con-
venient solution for training new models (if supported), handling sen-
sitive clinical data may be problematic. Hence, locally installable
software is more desirable in biological and medical applications. A
software closer to the bioimage analyst community is CytoMine
(Marée et al., 2016; Rubens et al., 2019), a more general image pro-
cessing tool with a lot of annotation options that also provides DL
support and has a web interface. SlideRunner (Aubreville et al., 2018)
was created for large tissue section (slide) annotation specifically, but
similar to others it does not integrate machine learning methods to
help annotation and rather focuses on the classification task.
AnnotatorJ, on the other hand, as an ImageJ (Fiji) plugin should
provide a familiar environment for bioimage annotators to work in.
It offers all the functionality available in similar tools (such as differ-
ent annotation options: bounding box, polygon, freehand drawing,
semantic segmentation, and editing them) while it also incorporates
support for a popular DL model, U-Net. Furthermore, any user-
trained Keras model can be loaded into the plugin with ease
because of the DL4J framework, extending its use cases to general
object annotation tasks (see Supplemental Figure S2 and Supple-
mental Material). Due to its open-source implementation, the users
can modify or extend the plugin to even better fit their needs.

Molecular Biology of the Cell
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2Bounding box drawing with a single click and drag is not considered a single click annotation.

TABLE 1: Comparison of annotation software tools.

Ad(ditionally, as an ImageJ plugin it requires no software installation,
can be downloaded inside ImageJ/Fiji (via its update site, https://
sites.imagej.net/Spreka/), or run as a standalone ImageJ instance
with this plugin.

We also briefly discuss ilastik (Sommer et al., 2011; Berg et al.,
2019) and Suite2p (Pachitariu et al., 2017) in the Supplemental Ma-
terial because they are not primarily intended for annotation pur-
poses. Two ImageJ plugins that offer manual annotation and ma-
chine learning-generated outputs, Trainable Weka Segmentation
(Arganda-Carreras et al., 2017) and LabKit (Arzt, 2017), are also de-
tailed in the Supplemental Material.

We presented an ImageJ plugin, AnnotatorJ, for convenient and
fast annotation and labeling of objects on digital images. Multiple
export options are also offered in the plugin.

We tested the efficiency of our plugin with three experts on two
test sets comprising nucleus and cytoplasm images. We found that
our plugin accelerates the hand-annotation process on average and
offers up to four orders of magnitude faster export. By integrating
the DL4J Java framework for U-Net contour suggestion in Contour
assist mode any class of object can be annotated easily: the users
can load their own custom models for the target class.

MATERIALS AND METHODS

Motivation

We propose AnnotatorJ, an ImageJ (Abramoff et al., 2004, Schnei-
der et al.,, 2012) plugin for the annotation and export of cellular
compartments that can be used to boost DL models’ performance.
The plugin is mainly intended for bioimage annotation but could
possibly be used to annotate any type of object on images (see
Supplemental Figure S2 for a general example). During develop-
ment we kept in mind that the intended user should be able to get
comfortable with the software very quickly and quicken the other-
wise truly time-consuming and exhausting process of manually an-
notating single cells or their compartments (such as individual nucle-
oli, lipid droplets, nucleus, or cytoplasm).

The performance of DL segmentation methods is significantly
influenced by both the training data size and its quality. Should we
feed automatically segmented objects to the network, errors pres-
ent in the original data will be propagated through the network dur-
ing training and bias the performance, hence such training data
should always be avoided. Hand-annotated and curated data, how-
ever, will minimize the initial error boosting the expected perfor-
mance increase on the target domain to which the annotated data
belongs. NucleAlzer (Hollandi et al., 2020) showed an increase in
nucleus segmentation accuracy when a DL model was trained on
synthetic images generated from ground truth annotations instead
of presegmented masks.

Features

AnnotatorJ helps organize the input and output files by automati-
cally creating folders and matching file names to the selected type
and class of annotation. Currently, the supported annotation types
are 1) instance, 2) semantic, and 3) bounding box (see Figure 1). Each
of these are typical inputs of DL networks; instance annotation pro-
vides individual objects separated by their boundaries (useful in the
case of, e.g., clumped cells of cancerous regions) and can be used to
provide training data for instance segmentation networks such as
Mask R-CNN (He et al., 2017). Semantic annotation means fore-
ground-background separation of the image without distinguishing
individual objects (foreground); a typical architecture using such seg-
mentations is U-Net (Ronneberger et al., 2015). And finally, bound-
ing box annotation is done by identifying the object’s bounding

Annotator) | 2183
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rectangle, and is generally used in object detection networks (like
YOLO [Redmon et al., 2016] or R-CNN [Girshick et al., 2014]).

Semantic annotation is done by painting areas on the image
overlay. All necessary tools to operate a given function of the plugin
are selected automatically. Contour or overlay colors can be se-
lected from the plugin window. For a detailed description and user
guide please see the documentation of the tool (available at https://
github.com/spreka/annotatorj repository).

Annotations can be saved to default or user-defined “classes”
corresponding to biological phenotypes (e.g., normal or cancerous)
or object classes—used as in DL terminology (such as person, chair,
bicycle, etc.), and later exported in a batch by class. Phenotypic dif-
ferentiation of objects can be supported by loading a previously
annotated class’s objects for comparison as overlay to the image
and toggling their appearance by a checkbox.

We use the default ImageJ ROl Manager to handle instance an-
notations as individual objects. Annotated objects can be added to
the ROI list automatically (without the bound keystroke “t” as de-
fined by ROI Manager) when the user releases the mouse button
used to draw the contour by checking its option in the main window
of the plugin. This ensures that no annotation drawn is missing from
the ROl list.

Contour editing is also possible in our plugin using “Edit mode”
(by selecting its checkbox) in which the user can select any already
annotated object on the image by clicking on it, then proceed to
edit the contour and either apply modifications with the shortcut
“Ctrl" + "q,” discard them with “escape,” or delete the contour with
"Ctrl” + “delete.” The given object selected for edit is highlighted
in inverse contour color.

Object-based classification is also possible in “Class mode” (via
its checkbox): similarly to “Edit mode,” ROIs can be assigned to a
class by clicking on them on the image which will also update the
selected ROI's contour to the current class’s color. New classes can
be added and removed, and their class color can be changed. A
default class can be set for all unassigned objects on the image.
Upon export (using either the quick export button “[A]” in the main
window or the exporter plugin) masks are saved by classes.

In the options (button “..."” in the main window) the user can
select to use either U-Net or a classical region-growing method to
initialize the contour around the object marked. Currently only in-
stance annotation can be assisted.

Contour suggestion using U-Net
Our annotation helper feature “Contour assist” (see Figure 2) allows
the user to work on initialized object boundaries by roughly marking
an object’s location on the image which is converted to a well-de-
fined object contour via weighted thresholding after a U-Net (Ron-
neberger et al., 2015) model trained on nucleus or other compart-
ment data predicts the region covered by the object. We refer to
this as the suggested contour and expect the user to refine the
boundaries to match the object border precisely. The suggested
contour can be further optimized by applying active contour (AC;
Kass et al., 1988) to it. We aim to avoid fully automatic annotation
(as previously argued) by only enabling one object suggestion at a
time and requiring manual interaction to either refine, accept, or
reject the suggested contour. These operations are bound to key-
board shortcuts for convenience (see Figure 2). When using the
Contour assist function automatic adding of objects is not available
to encourage the user to manually validate and correct the sug-
gested contour as needed.

In Figure 2 we demonstrate Contour assist using a U-Net model
trained on versatile microscopy images of nuclei in Keras and on a
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fluorescent microscopy image of a cell culture where the target ob-
jects, nuclei, are labeled with DAPI (in blue). This model is provided
at https://github.com/spreka/annotatorj/releases/tag/v0.0.2-model
in the open-source code repository of the plugin.

Contour suggestions can be efficiently used for proper initializa-
tion of object annotation, saving valuable time for the expert an-
notator by suggesting a nearly perfect object contour that only
needs refinement (as shown in Figure 2). Using a U-Net model ac-
curate enough for the target object class, the expert can focus on
those image regions where the model is rather uncertain (e.g.,
around the edges of an object or the separating line between adja-
cent objects) and fine-tune the contour accurately while sparing
considerable effort on more obvious regions (like an isolated object
on simple background) by accepting the suggested contour after
marginal correction.

The framework of the chosen U-Net implementation, DL4J
(available at http://deeplearning4j.org/ or https://github.com/
eclipse/deeplearning4;j), supports Keras model import, hence cus-
tom, application-specific models can be loaded in the plugin easily
by either training them in DL4J (Java) or Python (Keras) and saving
the trained weights and model configuration in .h5 and .json files.
This vastly extends the possible fields of application for the plugin
to general object detection or segmentation tasks (see Supplemen-
tal Material and Supplemental Figures S2 and S3).

Exporter

The annotation tool is supplemented by an exporter, AnnotatorJ-
Exporter plugin, also available in the package. It was optimized for
the batch export of annotations created by our annotation tool.
For consistency, one class of objects can be exported at a time.
We offer four export options: 1) multilabeled, 2) multilayered, 3)
semantic images, and 4) coordinates (see Figure 1). Instance an-
notations are typically expected to be exported as multilabeled
(instance-aware) or multilayered (stack) grayscale images, the lat-
ter of which is useful for handling overlapping objects such as cy-
toplasms in cell culture images. Semantic images are binary fore-
ground-backgroundimages of the target objects while coordinates
(top-left corner [x,y] of the bounding rectangle appended by its
width and height in pixels) can be useful training data for object
detection applications including astrocyte localization (Suley-
manova et al., 2018) or in a broader aspect, face detection (Taig-
man et al., 2014). All export options are supported for semantic
annotation; however, we note that in instance-aware options (mul-
tilabeled or multilayered mask and coordinates) only such objects
are distinguished whose contours do not touch on the annotation
image.

OpSeF compatibility

OpSeF (Open Segmentation Framework; Rasse et al., 2020) is an
interactive python notebook-based framework (available at https://
github.com/trasse/OpSeF-IV) that allows users to easily try different
DL segmentation methods in customizable pipelines. We extended
AnnotatorJ to support the data structure and format used in OpSeF
to allow seamless integration in these pipelines, so users can manu-
ally modify, create, or classify objects found by OpSeF in Annota-
torJ, then export the results in a compatible format for further use in
the former software. A user guide is provided in the documentation
of https://github.com/trasse/OpSeF-IV.

ImageJ

ImagelJ (or Fiji: Fiji is just ImageJ; Schindelin et al., 2012) is an open-
source, cross-platform image analysis software tool in Java that has
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been successfully applied in numerous bioimage analysis tasks (seg-
mentation [Legland et al., 2016; Arganda-Carreras et al., 2017], par-
ticle analysis [Abramoff et al. 2004], etc.) and is supported by a
broad range of community, comprising of biomage analyst end us-
ers and developers as well. It provides a convenient framework for
new developers to create their custom plugins and share them with
the community. Many typical image analysis pipelines have already
been implemented as a plugin, for example, U-Net segmentation
plugin (Falk et al., 2019) or StarDist segmentation plugin (Schmidt
etal., 2018).

U-Net implementation

We used the DL4J (http://deeplearningdj.org/) implementation of
U-Net in Java. DL4J enables building and training custom DL net-
works, preparing input data for efficient handling and supports both
GPU and CPU computation throughout its ND4J library.

The architecture of U-Net was first developed by Ronneberger
et al. (Ronneberger et al., 2015) and was designed to learn medical
image segmentation on a small training set when a limited amount
of labeled data is available, which is often the case in biological
contexts. To handle touching objects as often is the case in nuclei
segmentation, it uses a weighted cross entropy loss function to en-
hance the object-separating background pixels.

Region growing

A classical image processing algorithm, region growing (Haralick
and Shapiro, 1985; Adams and Bischof, 1994) starts from initial seed
points or objects and expands the regions towards the object
boundaries based on the intensity changes on the image and con-
straints on distance or shape. We used our own implementation of
this algorithm.
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Supplementary Material
Test data

We tested the efficiency in terms of both annotation time and accuracy on two test
image sets: nucleus and cytoplasm. A sample of the test sets is displayed on
Figures 3B-C and S1B-C; images are collected from publicly available datasets and
our collaborators (see sources in (Hollandi et al. 2020)). We collected images from
various modalities including different microscopy imaging (brightfield, fluorescent),
sample origin (cell lines, histological tissue sections), staining technique (label-free,
immunohistochemical or fluorescent markers for specific cellular compartments) that
show the target object (nucleus or cytoplasm) in a heterogeneous environment so
that we can test our plugin in general cases.

Evaluation

We used SEM (standard error of the mean) in our evaluation of annotation time and
accuracy which is formulated as

SEM(x) = %#(3)

where the sample is denoted as x, a(x) marks the standard deviation of x and N is
the number of elements in x.

We also tested annotation on a cytoplasm test image set containing more complex
regions e.g. overlapping objects (see Figure S1). Our cytoplasm model aided
annotation, however, due to its semantic nature it could not always separate
touching objects properly hence the increased annotation time in certain cases.

Supplementary Figure S1. Annotation times on cytoplasm images. AnnotatorJ was tested on sample
microscopy images (both fluorescent and brightfield, as well as cell culture and tissue section
images), annotation time was measured on a per-object (cytoplasm) level. Bars represent the mean
annotation times on the test image set, error bars show SEM (standard error of the mean). Orange
corresponds to Contour assist mode and blue to only allowing the Automatic adding option. A)
Cytoplasm annotation times, B) example histopathology test images, C) example cell culture images.
Images shown on B-C) are 256x256 crops of original images. Some images are courtesy of Kerstin
Elisabeth Ddrner, Andreas Mund, Viktor Honti and Hella Bolck.

As any user-defined U-Net model can be easily imported in AnnotatorJ via DL4J, we
tested general applicability on the Cityscapes dataset (Cordts et al., 2016): we
trained a custom model on the car object class. Expert annotators were not needed
for testing on these everyday objects. Figure S2 shows annotation times and
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example images. Acceleration in annotation time is also significant (similarly to the
nucleus test set); contour suggestion helps the most in complex-shaped regions
such as outside mirrors and bumpers.

Supplementary Figure S2. Annotation times on car images. Annotator was tested on sample
images of the Cityscapes dataset (Cordts et al., 2016), annotation time was measured on a per-object
(car) level. Bars represent the mean annotation times on the test image set, error bars show SEM
(standard error of the mean). Orange corresponds to Contour assist mode and blue to only allowing
the Automatic adding option. A) Car annotation times, B) example images as 1024x1024 crops of
original images outlined by a randomly selected annotator.

Additionally, we tested Annotatord using a model trained on electron microscopy
(EM) data from the ISBI 2012 challenge (Arganda-Carreras et al., 2015) (fetched
from https://github.com/zhixuhao/unet, which repository was also used to train our U-
Net models in Keras) to help annotate neuronal cells (see Fig. S3). The complex
shapes these structures had also emphasized the efficiency of our contour
suggestion.

Supplementary Figure S3. Annotation times on electron microscopy (EM) images. AnnotatorJ was
tested on sample images of the ISBI 2012 challenge (Arganda-Carreras et al., 2015), annotation time
was measured on a per-object (cell) level. Bars represent the mean annotation times on the test
image set, error bars show SEM (standard error of the mean). Orange corresponds to Contour assist
mode and blue to only allowing the Automatic adding option. A) EM annotation times, B) example
images as 256x256 crops of original images outlined by a randomly selected expert.

Additional methods
Active contours (AC)

Active contours (Kass et al., 1988) is a generally well applicable image processing
technique to fit an initial contour to the boundaries of an object by evolving a so-
called snake contour driven by 2 energy functions as follows.

1

1
E= Eint [V(S)] ds + Eext [V(S)] ds #(4)
[ruran

0

2

2175 2
+ () |28

ds?

ov(s)
ds

e [v(5)] = %[a@) ] #(5)

Eoee V()] = =7 - |1(x(5), ¥(5)) * V26, |*#(6)



HOLLANDI ET AL. 2020

(4) is the combination of the internal (5) and external (6) energy functions, and is
minimized during the iterative evolution process. The internal energy is responsible
for extending and smoothing the contour while the external energy restrictively drives
it towards the edges of the image which are enhanced by the LoG (Laplacian of
Gaussian) filter-convolved image (data term). a,f and y are the regularization
parameters.

Gradient vector flow (GVF)

GVF was first published in (Xu and Prince 1997) as a method to define a vector field
based on the image gradient, that is the derivatives of the image, as enhanced by
edges. It is attracted to bright regions (ideally edges) on the image.

Additional annotation tools

Since open source or local software is of primary interest in medical research (see in
Introduction and Comparison to other tools and software packages), we extend our
previous list of compared tools here.

We briefly discussed supervise.ly (https://supervise.ly/) above, a service-based web-
hosted solution for data labelling with DL model support. Training of various DL
models including Mask R-CNN, U-Net, YOLO and others is possible. It supports
annotation as bounding box, semantic- and polygonal drawing, editing points in
polygons and class labelling. However, its free community edition intended for
research purposes provides limited functionality.

FastAnnotationTool (https://github.com/christopher5106/FastAnnotationTool) is a
lightweight, open source bounding box annotation tool with editing option in C++.

Make Sense (https://www.makesense.ai/) is another open source labelling tool that
also adds DL support for annotation suggestion (using pre-trained models) and
labelling. Point, polygon and bounding box annotation is possible, and classes can
be assigned. Implemented in TypeScript, it offers both a web-based and a local
(https://github.com/SkalskiP/make-sense) version.

ilastik (Sommer et al., 2011; Berg et al., 2019) is a pixel-based classification software
that can be trained via brush strokes on the image. It can export semantic
segmentation masks and their probability maps as well. However, these are returned
by machine learning algorithms; users can annotate regions (pixel-based) with a
brush or objects (instances) by single clicks to train them.
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Suite2p (Pachitariu et al., 2017) was designed for a specific task: neuronal two-
photon microscopy image analysis. It has a pipeline that can be modified in each
step so that it fits the user’s data, automatic detection and classification of ROIs
(cells) can be manually curated.

LabKit (Arzt 2017) is an ImageJ plugin for machine learning-supported labelling that
similarly to the Trainable Weka Segmentation (ImagedJ) plugin (Arganda-Carreras et
al., 2017) and ilastik (Sommer et al., 2011; Berg et al., 2019) uses user-defined
regions marked by brush strokes to train a machine learning algorithm and
automatically segment image pixels to the defined classes. Both plugins offer several
machine learning algorithms implemented in the Weka framework (Frank et al.,
2016). Trainable Weka Segmentation can save semantic segmentation masks or
their probability maps (like ilastik) while LabKit can also save manually drawn objects
as multi-labelled .tiff files (like AnnotatordJExporter).

We collected the sources of annotation tools in Table S1.

Table S1. Sources of the compared software tools.

tool source
Labellmg https://github.com/tzutalin/labellmg
Lionbridge.Al https://lionbridge.ai/services/image-annotation/
Hive https://thehive.ai/hive-data

VGG Image Annotator  http://www.robots.ox.ac.uk/~vgg/software/via/via-1.0.6.html
https://diffgram.com/

Diffgram https://github.com/diffgram/diffgram/tree/master/sdk
. http://www.cytomine.org/

CytoMine httgs://qithut:/.com/cytor%ine/Cvtomine-bootstrap

SlideRunner https://github.com/maubreville/SlideRunner

supervise.ly https://supervise.ly/

FastAnnotationTool https://github.com/christopher5106/FastAnnotationTool

Make Sense https://w_ww.makesense.a_li/
https://github.com/SkalskiP/make-sense

ilastik https://w_ww.ilastik.prq/_ -
https://github.com/ilastik/ilastik

Suite2p https://github.com/Mousel and/suite2p

https://github.com/cortex-lab/Suite2P

https://imagej.net/Labkit
LabKit http://sites.imagej.net/Labkit/
https://github.com/maarzt/imglib2-labkit

Trainable Weka

Segmentation https://imagej.net/Trainable Weka Segmentation

Supplementary video

A short demonstration of Contour assist is provided as the video figure2.mov;
available in  higher resolution at hitps:/drive.google.com/file/d/1dk3FrX-
KlhTpaNYSKv-zVsoAoVUGIEYp/view?usp=sharing.
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Supplementary Figure S1. Annotation times on cytoplasm images. AnnotatorJ was tested on
sample microscopy images (both fluorescent and brightfield, as well as cell culture and tissue sec-
tion images), annotation time was measured on a per-object (cytoplasm) level. Bars represent the
mean annotation times on the test image set, error bars show SEM (standard error of the mean).
Orange corresponds to Contour assist mode and blue to only allowing the Automatic adding option.
A) Cytoplasm annotation times, B) example histopathology test images, C) example cell culture
images. Images shown on B-C) are 256x256 crops of original images. Some images are courtesy of
Kerstin Elisabeth Dérner, Andreas Mund, Viktor Honti and Hella Bolck.



HOLLANDI ET AL. 2020

A 45 X 104 Car annotation time

[ auto adding
4 T | contour assist
351
3 I
Wo |
E .
p 1
E 27 T
T
151
-
1 -
05r
0 1 1 1
Annotator #1 Annotator #2 Annotator #3

annotator

Supplementary Figure S2. Annotation times on car images. AnnotatorJ was tested on sample
images of the Cityscapes dataset (Cordts et al., 2016), annotation time was measured on a per-ob-
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SEM (standard error of the mean). Orange corresponds to Contour assist mode and blue to only
allowing the Automatic adding option. A) Car annotation times, B) example images as 1024x1024
crops of original images outlined by a randomly selected annotator.
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mode and blue to only allowing the Automatic adding option. A) EM annotation times, B) example
images as 256x256 crops of original images outlined by a randomly selected expert.
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Various pre-trained deep learning models for the segmentation of bioimages have been
made available as developer-to-end-user solutions. They are optimized for ease of use
and usually require neither knowledge of machine learning nor coding skills. However,
individually testing these tools is tedious and success is uncertain. Here, we present
the Open Segmentation Framework (OpSeF), a Python framework for deep learning-
based instance segmentation. OpSeF aims at facilitating the collaboration of biomedical
users with experienced image analysts. It builds on the analysts’ knowledge in Python,
machine learning, and workflow design to solve complex analysis tasks at any scale
in a reproducible, well-documented way. OpSeF defines standard inputs and outputs,
thereby facilitating modular workflow design and interoperability with other software.
Users play an important role in problem definition, quality control, and manual refinement
of results. OpSeF semi-automates preprocessing, convolutional neural network (CNN)-
based segmentation in 2D or 3D, and postprocessing. It facilitates benchmarking of
multiple models in parallel. OpSeF streamlines the optimization of parameters for pre-
and postprocessing such, that an available model may frequently be used without
retraining. Even if sufficiently good results are not achievable with this approach,
intermediate results can inform the analysts in the selection of the most promising CNN-
architecture in which the biomedical user might invest the effort of manually labeling
training data. We provide Jupyter notebooks that document sample workflows based
on various image collections. Analysts may find these notebooks useful to illustrate
common segmentation challenges, as they prepare the advanced user for gradually
taking over some of their tasks and completing their projects independently. The
notebooks may also be used to explore the analysis options available within OpSeF
in an interactive way and to document and share final workflows. Currently, three
mechanistically distinct CNN-based segmentation methods, the U-Net implementation
used in Cellprofiler 3.0, StarDist, and Cellpose have been integrated within OpSeF. The
addition of new networks requires little; the addition of new models requires no coding
skills. Thus, OpSeF might soon become both an interactive model repository, in which
pre-trained models might be shared, evaluated, and reused with ease.

Keywords: deep learning, biomedical image analysis, segmentation, convolutional neural network, U-net,
cellpose, StarDist, python
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INTRODUCTION

Phenomics, the assessment of the set of physical and biochemical
properties that completely characterize an organism, has long
been recognized as one of the most significant challenges in
modern biology (Houle et al., 2010). Microscopy is a crucial
technology to study phenotypic characteristics. Advances in high-
throughput microscopy (Lang et al., 2006; Neumann et al.,
2010; Chessel and Carazo Salas, 2019), slide scanner technology
(Webster and Dunstan, 2014; Wang et al.,, 2019), light-sheet
microscopy (Swoger et al, 2014; Ueda et al., 2020), semi-
automated (Bykov et al., 2019; Schorb et al., 2019) and volume
electron microscopy (Titze and Genoud, 2016; Vidavsky et al.,
2016), as well as correlative light- and electron microscopy
(Hoffman et al., 2020) have revolutionized the imaging of
organisms, tissues, organoids, cells, and subcellular structures.
Due to the massive amount of data produced by these
approaches, the traditional biomedical image analysis tool of
“visual inspection” is no longer feasible, and classical, non-
machine learning-based image analysis is often not robust
enough to extract phenotypic characteristics reliably in a non-
supervised manner.

Thus, the advances mentioned above were enabled by
breakthroughs in the application of machine learning methods
to biological images. Traditional machine learning techniques,
based on random-forest classifiers and support vector machines,
were made accessible to biologists with little to no knowledge
in machine learning, using stand-alone tools such as ilastik
(Haubold et al., 2016; Berg et al., 2019; Kreshuk and Zhang,
2019) or QuPath (Bankhead et al., 2017). Alternatively, they
were integrated into several image analysis platforms such
as Cellprofiler (Lamprecht et al., 2007), Cellprofiler Analyst
(Jones et al., 2009), Icy (de Chaumont et al, 2012), Image]
(Schneider et al., 2012; Arganda-Carreras et al., 2017) or KNIME
(Sieb et al., 2007).

More recently, deep learning methods, initially developed
for computer vision challenges, such as face recognition or
autonomous cars, have been applied to biomedical image analysis
(Ciresan et al,, 2012, 2013). The U-Net is the most commonly
used deep convolutional neural network specifically designed
for semantic segmentation of biomedical images (Ronneberger
et al, 2015). In the following years, neural networks were
broadly applied to biomedical images (Zhang et al, 2015;
Akram et al, 2016; Albarqouni et al,, 2016; Milletari et al.,
2016; Moeskops et al,, 2016; Van Valen et al., 2016; Cicek
et al., 2016; Rajchl et al., 2017). Segmentation challenges like
the 2018 Data Science Bowl (DSB) further promoted the
adaptation of computer vision algorithms like Mask R-CNN (He
et al., 2017) to biological analysis challenges (Caicedo et al.,
2019). The DSB included various classes of nuclei. Schmidt
et al. use the same dataset to demonstrate that star-convex
polygons are better suited to represent densely packed cells
(Schmidt et al., 2018) than axis-aligned bounding boxes used
in Mask R-CNN (Hollandi et al,, 2020b). Training of deep
learning models typically involves tedious annotation to create
ground truth labels. Approaches that address this limitation
include optimizing the annotation workflow by starting with

reasonably good predictions (Hollandi et al., 2020a), applying
specific preprocessing steps such that an existing model can be
used (Whitehead, 2020), and the use of generalist algorithms
trained on highly variable images (Stringer et al., 2020). Following
the latter approach, Stringer et al. trained a neural network to
predict vector flows generated by the reversible transformation
of a highly diverse image collection. Their model includes a
function to auto-estimate the scale. It works well for specialized
and generalized data (Stringer et al., 2020).

Recently, various such pre-trained deep learning segmentation
models have been published that are intended for non-machine
learning experts in the field of biomedical image processing
(Schmidt et al., 2018; Hollandi et al., 2020b; Stringer et al,
2020). Testing such models on new data sets can be time-
consuming and might not always give good results. Pre-trained
models might fail because the test images do not resemble
the data network was trained on sufficiently well. Alternatively,
the underlying network architecture and specification, or the
way data is internally represented and processed might not
be suited for the presented task. Biomedical users with no
background in computer science are often unable to distinguish
these possibilities. They might erroneously conclude that their
problem is in principle not suited for deep learning-based
segmentation. Thus, they might hesitate to create annotations
to re-train the most appropriate architecture. Here, we present
the Open Segmentation Framework OpSeF, a Python framework
for deep-learning-based instance segmentation of cells and
nuclei. OpSeF has primarily been developed for staff image
analysts with solid knowledge in image analysis, thorough
understating of the principles of machine learning, and basic
skills in Python. It wraps scikit-image, a collection of Python
algorithms for image processing (van der Walt et al.,, 2014),
the U-Net implementation used in Cellprofiler 3.0 (McQuin
et al, 2018), StarDist (Schmidt et al., 2018; Weigert et al,
2019, 2020), and Cellpose (Stringer et al., 2020) in a single
framework. OpSeF defines the standard in- and outputs,
facilitates modular workflow design, and interoperability with
other software (Weigert et al.,, 2020). Moreover, it streamlines
and semi-automates preprocessing, CNN-based segmentation,
postprocessing as well as evaluation of results. Jupyter notebooks
(Kluyver et al., 2016) serve as a minimal graphical user interface.
Most computations are performed head-less and can be executed
on local workstations as well as on GPU clusters. Segmentation
results can be easily imported and refined in Image] using
Annotator] (Hollandi et al., 2020a).

MATERIALS AND METHODS

Data Description

Cobblestones

Images of cobblestones were taken with a Samsung Galaxy S6
Active Smartphone.

Leaves
Noise was added to the demo data from “YAPiC - Yet
Another Pixel Classifier” available at https://github.com/
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yapic/yapic/tree/master/docs/example_data using the Add Noise
function in Image].

Small Fluorescent Nuclei

Images of Hek293 human embryonic kidney stained with a
nuclear dye from the image set BBBC038vl (Caicedo et al.,
2019) available from the Broad Bioimage Benchmark Collection
(BBBC) were used. Metadata is not available for this image
set to confirm staining conditions. Images were rescaled from
360 x 360 pixels to 512 x 512 pixels.

3D Colon Tissue
We used the low signal-to-noise variant of the image set
BBBC027 (Svoboda et al.,, 2011) from the BBBC showing 3D
colon tissue images.

Epithelial Cells

Images of cervical cells from the image set BBBC038v1 (Caicedo
et al., 2019) available from the BBBC display cells stained with
a dye that labels membranes weakly and nuclei strongly. The
staining pattern is reminiscent of images of methylene blue-
stained cells. However, metadata is not available for this image
set to confirm staining conditions.

Skeletal Muscle

A methylene blue-stained skeletal muscle section was recorded
on a Nikon Eclipse Ni-E microscope equipped with a Marzhduser
SlideExpress2 system for automated handling of slides. The
pixel size is 0.37 x 0.37 pm. Thirteen large patches of
2048 x 2048 pixels size were manually extracted from the
original 44712 x 55444 pixels large image. Color images were
converted to grayscale.

Kidney

HE stained kidney paraffin sections were recorded on a
Nikon Eclipse Ni-E microscope equipped with a Marzhiuser
SlideExpress2 system for automated handling of slides. The pixel
size is 180 x 180 nm. The original, stitched, 34816 x 51200 pixels
large image was split into two large patches (18432 x 6144 and
22528 x 5120 pixel). Next, the Eosin staining was extracted using
the Color Deconvolution Image] plugin. This plugin implements
the method described by Ruifrok and Johnston (2001).

Arabidopsis Flowers

H2B:mRuby2 was used for the visualization of somatic nuclei
of Arabidopsis thaliana flower. The flower was scanned from
eight views differing by 45° increments in a Zeiss Z1 light-sheet
microscope (Valuchova et al., 2020). We used a single view to
mimic a challenging 3D segmentation problem. Image files are
available in the Image Data Resource (Williams et al., 2017) under
the accession code: idr0077.

Mouse Blastocysts

The DAPI signal from densely packed E3.5 mouse blastocysts
nuclei was recorded on a Leica SP8 confocal microscope using
a 40x 1.30 NA oil objective (Blin et al., 2019). Image files are
available in the Image Data Resource (Williams et al., 2017) under
the accession code: idr0062.

Neural Monolayer

The DAPI signal of a neural monolayer was recorded on a Leica
SpE confocal microscope using a 63 1.30 NA oil objective (Blin
etal., 2019). Image files are available in the Image Data Resource
(Williams et al., 2017) under the accession code: idr0062.

Algorithm

Ideally, OpSeF is used as part of collaborative image analysis
projects, to which both the user and the image analyst
contribute their unique expertise (Figure 1A). All analyst
tasks are optimized for deployment on Linux workstations
or GPU clusters, all user tasks may be performed on any
laptop in Image]. If challenges arise, the image analyst
(Figure 1A) might consult other OpSeF users or the developer
of tools used within OpSeF. The analyst will - to the benefit
of future users - become more skilled using CNN-based
segmentation in analysis workflows. The user, who knows the
sample best, plays an important role in validating results and
discovering artifacts (Figure 1A). Exemplary workflows and
new models might be shared to the benefit of other OpSeF
users (Figure 1B).

OpSeF’s analysis pipeline consists of four principal sets of
functions to import and reshape the data, to preprocess it, to
segment objects, and to analyze and classify results (Figure 1C).
Currently, OpSeF can process individual tiff files and the
proprietary Leica “lif” container file format. During import and
reshape, the following options are available for tiff-input: tile in
2D and 3D, scale, and make sub-stacks. For lif-files, only the
make sub-stacks option is supported. Preprocessing is mainly
based on scikit-image (van der Walt et al., 2014). It consists
of a linear workflow in which 2D images are filtered, the
background is removed, and stacks are projected. Next, the
following optional preprocessing operations might be performed:
histogram adjustment (Zuiderveld, 1994), edge enhancement,
and inversion of images. Available segmentation options include
the pre-trained U-Net used in Cellprofiler 3.0 (McQuin
et al., 2018), the so-called “2D_paper_dsb2018” StarDist model
(Schmidt et al., 2018) and Cellpose (Stringer et al., 2020). The
2D StarDist model (Schmidt et al., 2018) was trained on a subset
of fluorescent images from the 2018 Data Science Bowl (DSB)
(Caicedo et al., 2019). Although good performance on non-
fluorescent images cannot be taken for granted, the StarDist
versatile model, which was trained on the same data, generalizes
well and can be used to segment cells in diaminobenzidene
and hematoxylin stained tissue sections (Whitehead, 2020). We
thus used the 2D_paper_dsb2018 StarDist model for all 2D
examples. Available options for preprocessing in 3D are limited
(Figure 1B, lower panel). Segmentation in 3D is computationally
more demanding. Thus, we recommend a two-stage strategy
for Cellpose 3D. Preprocessing parameters are first explored
on representative planes in 2D. Next, further optimization
in 3D is performed. Either way, preprocessing and selection
of the ideal model for segmentation are one functional unit.
Figure 1D illustrates this concept with a processing pipeline,
in which three different models are applied to four different
preprocessing pipelines each. The resulting images are classified
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FIGURE 1 | Image analysis using OpSeF (A) lllustration on how to use OpSeF for collaborative image analysis (B) lllustration on how developers, image analysts and
users might contribute toward the further development of OpSeF. (C) OpSeF analysis pipeline consists of four groups of functions used to import and reshape the
data, to preprocess it, to segment objects, and to analyze and classify results. (D) Optimization procedure. Left panel: lllustration of a processing pipeline, in which
three different models are applied to data generated by four different preprocessing pipelines each. Right panel: Resulting images are classified into results that are
correct; suffer from under- or over-segmentation or fail to detect objects. (E) lllustration of postprocessing pipeline. Segmented objects might be filtered by their
region properties or a mask, results might be exported to AnnotatorJ and re-imported for further analysis. Blue arrows define the default processing pipeline, gray
arrows feature available options. Dark blue boxes are core components, light blue boxes are optional processing steps.

into results that are mostly correct, suffer from under- or over-
segmentation, or largely fail to detect objects. In the given
example, the combination of preprocessing pipeline three and
model two gives overall the best result. We recommend an
iterative optimization which starts with a large number of models,
and relatively few, but conceptually different preprocessing
pipelines. For most datasets, some models outperform others.
In this case, we recommend fine-tuning the most promising
preprocessing pipelines in combination with the most promising

model. OpSeF uses matplotlib (Virtanen et al., 2020) to visualize
results in Jupyter notebooks and to export exemplary results
that may be used as figures in publications. All data is managed
in pandas (Virtanen et al., 2020) and might be exported as
csv file. Scikit-image (van der Walt et al, 2014), and scikit-
learn (Pedregosa et al.,, 2011; Figures 1E, 2A-C) are used for
pre- and postprocessing of segmentation results, which might
e.g., be filtered based on their size, shape or other object
properties (Figure 2B). Segmentation objects may further be
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FIGURE 2 | Example of how postprocessing can be used to refine results (A) StarDist segmentation of the multi-labeled cells dataset detected nuclei reliably but
caused many false positive detections. These resemble the typical shape of cells but are larger than true nuclei. Orange arrows point at nuclei that were missed, the
white arrow at two nuclei that were not split, the blue arrows at false positive detections that could not be removed by filtering. (B) Scatter plot of segmentation
results shown in panel (A). Left panel: Mean intensity plotted against object area. Right panel: Circularity plotted against object area. Blue Box illustrates the
parameter used to filter results. (C) Filtered Results. Orange arrows point at nuclei that were missed, the white arrow at two nuclei that were not split, the blue arrows
at false positive detections that could not be removed by filtering. (D,E) Example for the use of a user-provided mask to classify segmented objects. The
segmentation results (false-colored nuclei) are superimposed onto the original image subjected to [median 3 x 3] preprocessing. All nuclei located in the green area
are assigned to Class 1, all others to Class 2. The red box indicates the region shown enlarged in panel (E). From left to right in panel (E): original image, nuclei
assigned to class 1, nuclei assigned to class 2. (F) T-distributed Stochastic Neighbor Embedding (t-SNE) analysis of nuclei assigned to class 1 (purple) or class 2
(yellow). (G) Principal component analysis (PCA) of nuclei assigned to class 1 (purple) or class 2 (yellow).

refined by a user-provided (Figures 2D,E) or an autogenerated
mask. Results might be exported to Annotator] (Hollandi et al.,
2020a) for editing or classification in Image]. Annotator] is an
Image] plugin that helps hand-labeling data with deep learning-
supported semi-automatic annotation and further convenient
functions to create and edit object contours easily. It has
been extended with a classification mode and import/export
fitting the data structure used in OpSeF. After refinement,
results can be re-imported and further analyzed in OpSeF.
Analysis options include scatter plots of region properties

(Figure 2B), T-distributed Stochastic Neighbor Embedding (t-
SNE) analysis (Figure 2F), and principal component analysis
(PCA) (Figure 2G).

RESULTS

We provide demonstration notebooks to illustrate how
OpSeF might be used to elucidate efficiently whether a given
segmentation task is solvable with state of the art deep
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convolutional neural networks (CNNs). In the first step,
preprocessing parameters are optimized. Next, we test whether
the chosen model performs well without re-training. Finally, we
assess how well it generalizes on heterogeneous datasets.

Preprocessing can be used to make the input image more
closely resemble the visual appearance of the data on which the
models for the CNNs bundled with OpSeF were trained on, e.g.,
by filtering and resizing. Additionally, preprocessing steps can be
used to normalize data and reduce heterogeneity. Generally, there
is not a single, universally best preprocessing pipeline. Instead,
well-performing combinations of preprocessing pipelines and
matching CNN-models can be identified. Even the definition of a
“good” result depends on the biological question posed and may
vary from project to project. For cell tracking, very reproducible
cell identification will be of utmost importance; for other
applications, the accuracy of the outline might be more crucial.
To harness the full power of CNN-based segmentation models
and to build trust in their more widespread use, it is essential to
understand under which conditions they are prone to fail.

We use various demo datasets to challenge the CNN-based
segmentation pipelines. Jupyter notebooks document how OpSeF
was used to obtain reliable results. These notebooks are provided
as a starting point for the iterative optimization of user projects
and as a tool for interactive user training.

The first two datasets - cobblestones and leaves - are
generic, non-microscopic image collections, designed to illustrate
common analysis challenges. Further datasets exemplify the
segmentation of a monolayer of fluorescent cells, fluorescent
tissues, cells in which various compartments have been stained
with the same dye, as well as histological sections stained with
one or two dyes. The latter dataset exemplifies additionally how
OpSeF can be used to process large 2D images.

Nuclei and cells used to train CNN-based segmentation
are most commonly round or ellipsoid shaped. Objects in
the cobblestone dataset are approximately square-shaped. Thus,
the notebook may be used as an example to explore the
segmentation of non-round cells (e.g., many plant cells, neurons).
Heterogeneous intensities within objects and in the border
region, as well as a five-fold variation of object size, challenge
segmentation pipelines further. In the first round of optimization,
minor smoothing [median filter with 3 x 3 kernel (median
3 x 3)] and background subtraction were applied. Next, the
effect of additional histogram equalization, edge enhancement,
and image inversion was tested. The resulting four preprocessed
images were segmented with all models [Cellpose nuclei, Cellpose
Cyto, StarDist, and U-Net]. The Cellpose scale-factor range [0.2,
0.4, 0.6] was explored. Among the 32 resulting segmentation
pipelines, the combination of image inversion and the Cellpose
Cyto 0.4 model produced the best results in both training images
(Figures 3A-C) without further optimization. The segmentation
generalized well to the entire dataset. Only in one image,
three objects were missed, and one object was over-segmented.
Borders around these stones are very hard to distinguish for a
human observer, and even further training might not resolve
the presented segmentation tasks (Figures 3D-F). Cellpose has
been trained on a large variety of images and had been reported
to perform well on objects of similar shape [compare Figure 4,

FIGURE 3 | Cobblestones notebook: Segmentation of non-roundish cells
(A,B) Segmentations (red line) of the Cellpose Cyto 0.4 model are
superimposed onto the original image subjected to [median 3 x 3]
preprocessing. The inverted image (not shown) was used as input to the
segmentation. Outlines are well defined, no objects were missed, none
over-segmented. These settings fit accurately to the entire dataset (train and
test) shown in panels (C,D). Only in one image, three objects were missed
and one was over-segmented. Borders around these stones are hard to
discern. Individual objects are false color-coded in panels (C,D). The red
squares in panel (D) highlight one of the two problematic regions shown as a
close-up in panels (E,F).

Images 21, 22, 27 in Stringer et al. (2020)]. Thus, it is no surprise
that Cellpose outperformed the StarDist 2D model (Schmidt
etal., 2018), which had been trained only on fluorescent images.

Segmentation of the leaves dataset seems trivial and could
easily be solved by any threshold-based approach. Nevertheless,
it challenges CNN-based segmentation due to the presence of
concave and convex shapes. Moreover, objects contain dark lines,
vary 20-fold in area, and are presented on a heterogeneous
background. Preprocessing was performed as described for the
cobblestone dataset. The most promising result was obtained
with the Cellpose Cyto 0.5 model in combination with [median
3 x 3 & image inversion] preprocessing (Figures 4A,B) and the
StarDist model with [median 3 x 3 & histogram equalization]
preprocessing (Figure 4C). Outlines were well defined, few
objects were missed (blue arrow in Figure 4A), few over-
segmented (green and orange arrow in Figures 4B,C). The
Cellpose Cyto 0.7 model gave similar results.

Maple leaves (orange arrows in Figures 4B,C) were most
frequently over-segmented. Their shape resembles a cluster of
touching cells. Thus, the observed over-segmentation might
be caused by the attempt of the CNN to reconcile their
shapes with structures it has been trained on. Oak leaves were
the second most frequently over-segmented leaf type. These
leaves contain dark leaf veins that might be interpreted as
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FIGURE 4 | Leaves notebook: Segmentation of rare concave cells (A-C) Segmentation results (red line) of the Cellpose Cyto 0.5 and 0.7 and StarDist model are
superimposed onto the original image subjected to [median 3 x 3] preprocessing. The inverted image (not shown) was used as input to the segmentation. Outlines
are well defined, few objects were missed (A: blue arrow), some over-segmented (B,C: green and orange arrow). Green arrow points at an oak leave with prominent
leaf veins, orange arrow at maple leaves with less prominent leave veins. (D=F) Results of further optimization. Further smoothing (E) reduced the rate of false
negatives (blue arrow) and over-segmentation in the Cellpose Cyto model. However, object outlines were less precise (E).

cell borders. However, erroneous segmentation mostly does
not follow these veins (green arrow in Figure 4B). Next, the
effect of stronger smoothing [mean 7 x 7] was explored.
The Cellpose nuclei model (Figure 4E) reduced the rate of
false-negative detections (Figure 4D blue arrow) and over-
segmentation (Figure 4F orange arrow) at the expense of loss
in precision of object outlines. Parameter combinations tested in
Figures 4D,E generalize well in the entire dataset.

Next, we used OpSeF to segment nuclei in a monolayer of
cells. Most nuclei are well separated. We focused our analysis
on the few touching nuclei. Both the Cellpose nuclei model
and the Cellpose Cyto model performed well across a broad
range of scale-factors. Interestingly, strong smoothing made the
Cellpose nuclei but not the Cellpose Cyto model more prone to
over-segmentation (Figure 5A). The StarDist model performed
well, while the U-Net failed surprisingly, given the seemingly
simple task. Pixel intensities have a small dynamic range, and
nuclei are dim and rather large. To elucidate whether any of
these issues led to this poor performance, we binned the input
2 x 2 (U-Net+BIN panel in Figure 5A) and adjusted brightness
and contrast. Adjusting brightness and contrast alone had no
beneficial effect (data not shown). The U-Net performed much
better on the binned input. Subsequently, we batch-processed
the entire dataset. StarDist was more prone to over-segmentation
(green arrow in Figure 5B), but detected smaller objects more
faithfully (orange arrow in Figure 5B). This might indicate
that the size of test objects was larger than the size of train
objects. StarDist was more likely to include atypical objects, e.g.,
nuclei during cell division that display a strong texture (blue
arrow in Figure 5B). Substantial variation in brightness was

well tolerated by both models (white arrow in Figure 5B). Both
models complement each other well.

We also tested a more complex dataset: 3D colon tissue from
the Broad Bioimage Benchmark Collection. This synthetic dataset
is ideally suited to assess segmenting clustered nuclei in tissues.
We chose the low signal-to-noise variant, which allowed us to test
denoising strategies. Sum, maximum, and median projection of
three Z-planes was tested in combination with the preprocessing
variants previously described for the monolayer of cells dataset.
Twelve different preprocessing pipelines were combined with all
models [Cellpose nuclei, Cellpose Cyto, StarDist, and U-Net].
The Cellpose scale-factor range [0.15, 0.25, 0.4, 0.6] was explored.
Many segmentation decisions in the 3D colon tissue dataset are
hard to perform even for human experts. Within this limitation,
[median projection & histogram equalization] preprocessing
produced reasonable results without any further optimization in
combination with either Cellpose nuclei 0.4 or the StarDist model
(Figures 5C,D). Only a few cell clusters were not segmented
(Figures 5C,D white arrow). Both models performed equally well
on the entire data set.

We subsequently tried to segment a single layer of irregular-
shaped epithelial cells, in which the nucleus and cell membranes
had been stained with the same dye. In the first run, minor
[median 3 x 3] or strong [mean 7 X 7] smoothing was
applied. Next, the effect of additional histogram equalization,
edge enhancement, and image inversion was tested. The resulting
eight preprocessed images were segmented with all models
[Cellpose nuclei, Cellpose Cyto, StarDist, and U-Net]. The
Cellpose scale-factor range [0.6, 0.8, 1.0, 1.4, 1.8] was explored.
The size of nuclei varied more than five-fold. We thus focused
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FIGURE 5 | Segmentation of dense fluorescent nuclei (A) Segmentation of the sparse nuclei data set. Example of two touching cells. The segmentation result (red
line) superimposed onto the original image subjected to [median 3 x 3] preprocessing. Columns define the model used for segmentation, the rows the filter used for
preprocessing. Cellpose nuclei model and the Cellpose Cyto model performed well across a large range of scale-factors. The U-Net failed initially. Improved results
after binning are shown in the lower right panel. (B) Comparison of Cellpose nuclei (CP) and StarDist (SD) segmentation results (red line). StarDist is more prone to
over-segmentation (green arrow), but detects smaller objects more reliably (orange arrow) and tends to include objects with strong texture (blue arrow). Strong
variation in brightness was tolerated well by both models (white arrow). (C,D) 2D Segmentation of colon tissue from the Broad Biolmage Benchmark Collection with

StarDist
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Cellpose nuclei (CP) or StarDist (SD). Both models gave reasonable results. Only a few dense clusters could not be segmented (white arrow).

our analysis on a cluster of particularly large nuclei and a
cluster of small nuclei. The Cellpose nuclei 1.4 and StarDist
model detected both small and large nuclei similarly well
(Figure 6A). StarDist segmentation results included many cell-
shaped false positive detections. Given the model was trained
on different data, retraining would be the best way to improve
performance. Alternatively, false-positive detections, which were
much larger than true nuclei, could be filtered out during
postprocessing. While the U-Net did not perform well on the
same input [median 3 x 3] (Figure 6A), it returned better
results (Figure 6A) upon [mean 7 x 7 & histogram equalization]
preprocessing. As weak smoothing was beneficial for the Cellpose
and StarDist pipelines and stronger smoothing for the U-Net
pipelines, we explored the effect of intermediate smoothing
[median 5 x 5] for Cellpose and StarDist and even stronger
smoothing [mean 9 x 9] for the U-Net pipelines. A slight
improvement was observed. Thus, we used [median 5 x 5]
preprocessing in combination with Cellpose nuclei 1.5 or StarDist
model to process the entire dataset. Cellpose frequently failed
to detect bright, round nuclei (Figure 6B, arrows) and StarDist
(Figure 6C) had many false detections. Thus, re-training or
postprocessing is required.

In the DSB, most algorithms performed better on images
classified as small or large fluorescent, compared to images
classified as “purple tissue” or “pink and purple” tissue. We
used methylene blue-stained skeletal muscle sections as a sample
dataset for tissue stained with a single dye and Hematoxylin
and eosin (HE) stained kidney paraffin sections as an example
for multi-dye stained tissue. Analysis of tissue sections might
be compromised by heterogenous image quality cause e.g., by

artifacts created at the junctions of tiles. To account for these
artifacts all workflows used the fused image as input to the
analysis pipeline.

While most nuclei in the skeletal muscle dataset are well
separated, some form dense clusters, others are out of focus
(Figure 7A). The size of nuclei varies ten-fold; their shape
ranges from elongated to round. The same preprocessing and
model as described for the epithelial cells dataset were used; the
Cellpose scale-factor range [0.2, 0.4, 0.6] was explored. [Median
3 x 3 & invert image] preprocessing combined with the Cellpose
nuclei 0.6 model produced satisfactory results without further
optimization (Figure 7B). Outlines were well defined, some
objects were missed, few over-segmented. Neither StarDist nor
the U-Net performed similarly well. We could not overcome
this limitation by adaptation of preprocessing or binning.
The performance of other — most likely more appropriate -
StarDist model (2D_versatile_fluo, 2D_versatile_he) was not
tested. Processing of the entire dataset identified inadequate
segmentation of dense clusters (Figure 7C, white arrow)
and occasional over-segmentation of large, elongated nuclei
(Figure 7C, orange arrow) as the main limitations. Nuclei that
are out-of-focus were frequently missed (Figure 7C, blue arrow).
Limiting the analysis to in-focus nuclei is feasible.

Cell density is very heterogeneous in the kidney dataset.
The Eosin signal from a HE stained kidney paraffin section
(Figures 8A,B) was obtained by color deconvolution. Nuclei
are densely packed within glomeruli and rather sparse in the
proximal and distal tubules. Two stitched images were split using
OpSeF’s “to tiles” function. Initial optimization was performed
on a batch of 16 image tiles, the entire dataset contains 864 tiles.
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FIGURE 6 | Segmentation of multi-labeled cells (A) Images of large epithelial cells from the 2018 Data Science Bow! collection were used to test the segmentation of
a single layer of cells. These cells vary in size. The Cellpose nuclei 1.4 model and [median 3 x 3] preprocessing gave a reasonable segmentation for large and small
nuclei. StarDist segmentation based on the same input detected nuclei more reliably. However, many false-positive detections were present. Interestingly, the shape
of false detections resembles the typical shape of cells well. The U-Net did not perform well with the same preprocessing, but with [mean 7 x 7 & histogram
equalization] preprocessing. (B,C) [Median 5 x 5] preprocessing in combination with the Cellpose 1.5 nuclei or the StarDist model was applied to the entire data set.
(B) The Cellpose model missed reproducibly round, very bright nuclei (blue arrow). (C) StarDist predicted many false-positive cells.

PPO5 -> U-Net

StarDist

The same preprocessing and model were used as described for
the skeletal muscle dataset, the Cellpose scale-factor range [0.6,
0.8, 1.0, 1.4, 1.8] was explored. [Median 3 x 3 & histogram
equalization] preprocessing in combination with the Cellpose
nuclei 0.6 model produced fine results (Figure 8C). [Mean 7 x 7
& histogram equalization] preprocessing in combination with
StarDist performed similarly well (Figure 8C). The latter pipeline
resulted in more false-positive detections (Figure 8C, purple
arrows). The U-Net performed worse, and more nuclei were
missed (Figure 8C, blue arrow). All models failed for dense cell
clusters (Figures 8C,D, white arrow).

Next, we sought to expand the capability of OpSeF to volume
segmentation. To this aim, we trained a StarDist 3D model using
the annotation of Arabidopsis thaliana lateral root nuclei dataset
provided by Wolny et al. (2020). Images were obtained on a
Luxendo MuVi SPIM light-sheet microscope (Wolny et al., 2020).
We first tested the model with a similar, publically available
dataset. Valuchova et al. (2020) studied differentiation within
Arabidopsis flowers. To this aim, the authors obtained eight views

of H2B:mRuby2 labeled somatic nuclei on a Zeiss Z1 light-
sheet microscope. We used a single view to mimic a challenging
3D segmentation (Figures 9A-C). Changes in image quality
along the optical axis, in particular, deteriorating image quality
deeper in the tissue (Figure 9C) are a major challenge for
any segmentation algorithm. While the segmentation quality
of the interactive H-Watershed Image] plugin (Vincent and
Soille, 1991; Najman and Schmitt, 1996; Lotufo and Falcao,
2000; Schindelin et al., 2015), a state of the art traditional
image processing method, is still acceptable in planes with good
contrast (Figure 9B, xy Slice), results deeper in the tissue are
inferior to CNN-based segmentation (data not shown). The
H-Watershed plugin consequently fails to segment precisely in
3D (Figure 9C, zy-slices). The StarDist 3D model, which was
trained on a similar dataset, performs slightly better than the
Cellpose nuclei model. To evaluate the performance of these
models further, we used the DISCEPTS dataset (Blin et al., 2019).
DICEPTS stands for “DifferentiatingStemCells & Embryos are a
PainToSegment” and contains various datasets of densely packed
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FIGURE 7 | Skeletal muscle notebook: Segmenting irregular nuclei in tissue (A) A methylene blue-stained skeletal muscle section was used to test the segmentation
of tissue that has been stained with one dye. (B) Segmentation was tested on 2048 x 2048 pixels large image patches. The star shown in panels (A,B) is located at
the same position within the image displayed at different zoom factors. The segmentation result (red line) of the Cellpose nuclei 0.6 model is super-imposed onto the
original image subjected to [median 3 x 3] preprocessing. (C,D) Close-up on regions that were difficult to segment. Segmentation of dense clusters (white arrow)
often failed, and occasional over-segmentation of large, elongated nuclei (orange arrow) was observed. Nuclei that are out-of-focus (blue arrow) were frequently
missed (blue arrow).

-

CP nuclei 0.6

FIGURE 8 | Kidney notebook: Segmenting cell cluster in tissues (A,B) Part of a HE stained kidney paraffin section used to test segmentation of tissue stained with
two dyes. The white box in panel (A) highlights the region shown enlarged in panel (B). Star in panels (A,B,D) marks the same glomerulus. (C) Eosin signal was
extracted by color deconvolution. The segmentation result (blue line) is superimposed onto the original image subjected to [median 3 x 3] preprocessing. Cellpose
nuclei 0.6 model with scale-factor 0.6 in combination with [median 3 x 3 & histogram equalization] preprocessing and the StarDist model with [mean 7 x 7 &
histogram equalization] performed similarly well (C,D). StarDist resulted in more false-positive detections (purple arrows). The U-Net performed worse, more nuclei
were missed (blue arrow). All models failed in very dense areas (white arrow).

nuclei that are heterogeneous in shape, size, or texture. Blin of models contained in OpSeF on the more challenging DAPI
et al. elegantly solved the segmentation challenge by labeling  signal. While the StarDist model trained on Arabidopsis thaliana
the nuclear envelope. We thought to assess the performance lateral root nuclei shows satisfactory performance on E3.5 mouse
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FIGURE 9 | Volume segmentation. In all images, segmented nuclei are
assigned a unique random color. (A) Side-by-side comparison of segmented
somatic nuclei of Arabidopsis thaliana flowers obtained with the Cellpose 3D
nuclei model (left) and a StarDist 3D model that was trained on a similar
dataset (right). The middle panel shows the central xy-plane of the image
volume obtained by light-sheet microscopy. The red box marks the area that
is shown enlarged in panel (B). The green line indicates the location of the
yz-plane shown in panel (C). In panels (B,C) the results obtained manually
using the interactive ImagedJ H-watershed plugin are additionally shown.
Orange arrows point at non-nuclear artifact signal that is ignored by StarDist
3D model trained on a dataset containing similar artifacts. Blue arrows point at
(Continued)

FIGURE 9 | Continued

nuclear signal in a low-contrast area. (D-F) Evaluation of 3D model based on
the DISCEPTS dataset. Central xy- or yz-planes of original images (gray) are
shown side-by-side to the segmentation results of the model as indicated. All
data were obtained on confocal microscopes. (D,E) Segmentation of E3.5
mouse blastocysts. The StarDist 3D model trained on well-spaced nuclei
missed nuclei in dense-cluster (green arrow) that were reliably identified by the
Cellpose 3D cyto model. (F) Segmentation results of Cellpose nuclei model
(right panel) on the neural “monolayer” dataset (left). These cells contain —in
contrast to Arabidopsis thaliana lateral root nuclei — strong texture in their
nuclei, are densely spaced and vary in size.

blastocysts, notably, the size of nuclei is underestimated, and cells
in dense clusters are sometimes missed. Fine-tuning of the non-
maximum suppression and the detection threshold might suffice
to obtain more precise segmentation results.

Interestingly, the more versatile Cellpose cyto, rather than
the Cellpose nuclei model, is ideally suited for segmenting the
E3.5 mouse blastocysts nuclei (Figures 9D,E). Next, we used the
neural “monolayer” dataset (Figure 9F). In this dataset flat cells
form tight 3D clusters. It proved to be challenging to segment
(Blin et al., 2019). Our pre-trained StarDist model failed to give
satisfactory segmentation results (data not shown). The presented
cells contain - in contrast to Arabidopsis thaliana lateral root
nuclei - strong texture in their nuclei. The more versatile Cellpose
nuclei model displayed promising initial results with little fine-
tuning (Figure 9F) that might be further improved by re-training
the model on the appropriate ground truth.

DISCUSSION

Intended Use and Future Developments

Examining the relationship between biochemical changes
and morphological alterations in diseased tissues is crucial
to understand and treat complex diseases. Traditionally,
microscopic images are inspected visually. This approach limits
the possibilities for the characterization of phenotypes to more
obvious changes that occur later in disease progression. The
manual investigation of subtle alterations at the single-cell level,
which often requires quantitative assays, is hampered by the
data volume. A whole slide tissue image might contain over
one million cells. Despite the improvement in machine learning
technology, completely unsupervised analysis pipelines have
not been widely accepted. Thus, one of the major challenges for
the coming years will be the development of efficient strategies
to keep the human-expert in the loop. Many biomedical
users still perceive deep learning models as black boxes. The
mathematical foundation of how CNNs make decisions is
improving. OpSeF facilitates understanding the strength of
pre-trained models and network architecture on the descriptive,
operational level. Thereby, awareness of intrinsic limitations
such as the inability of StarDist to segment non-star-convex
shapes well, or issues relating to the limited field-of-view of
neural networks can be reached. It further allows us to quickly
assess how robust models are against artifacts such as shadows
present in light-sheet microscopy or how well they are in
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predicting cell shapes accurately that are neither round nor
ellipsoid shaped (e.g., neurons, amoebas). Collectively, increased
awareness of limitations and better interpretability of results
will be pivotal to increase the acceptance of machine learning
methods. It will improve the quality control of results and allow
efficient integration of expert knowledge in analysis pipelines
(Holzinger et al., 2019a,b).

As illustrated in the provided Jupyter notebooks, the U-Net
often performed worst. Why is that the case? As previously
reported the learning capacity of a single, regular U-Net is limited
(Caicedo et al., 2019). Alternatively, the similarity of train and test
images might be insufficient. Either way, the provision of a set of
U-Nets trained on diverse data, might be a promising approach
to address this limitation. [ods.ai] topcoders, the winning
team of the 2018 Data Science Bowl (Caicedo et al., 2019),
combined simple U-Nets with dedicated pre- and postprocessing
pipelines. In doing so, they outperformed teams using more
complex models like Mask R-CNN (Caicedo et al., 2019). OpSeF
allows for the straightforward integration of a large number
of pre-trained CNNs. We plan to include the possibility of
saving pixel probabilities in future releases of OpSeF. This
option will grant users more flexibility in designing custom
postprocessing pipelines that ensemble results from a set of useful
intermediate predictions.

OpSeF allows semi-automated exploration of a large
number of possible combinations of preprocessing pipelines
and segmentation models. Even if satisfactory results are not
achievable with pre-trained models, OpSeF results may be used
as a guide for which CNN architecture, re-training on manually
created labels might be promising. The generation of training
data is greatly facilitated by a seamless integration in Image]
using the Annotator] plugin. We hope that many OpSeF users
will contribute their training data to open repositories and will
make new models available for integration in OpSeF. Thus,
OpSeF might soon become, an interactive model repository, in
which an appropriate model might be identified with reasonable
effort. Community provided Jupyter notebooks might be used
to teach students in courses how to optimize CNN based
analysis pipelines. This could educate them and make them less
dependent on turn-key solutions that often trade performance
for simplicity and offer little insight into the reasons why
the CNN-based segmentation works or fails. The better users
understand the model they use, the more they will trust them
and, the better they will be able to quality control them. We
hope that OpSeF will be widely accepted as a framework through
which novel models might be made available to other image
analysts in an efficient way.

Integrating Various Segmentation
Strategies and Quality Control of Results

Multiple strategies for instance segmentation have been pursued.
The U-Net belongs to the “pixel to object” class of methods:
each pixel is first assigned to a semantic class (e.g., cell or
background), then pixels are grouped into objects (Ronneberger
et al.,, 2015). Mask R-CNNs belong to the “object to pixel” class

of methods (He et al., 2017): the initial prediction of bounding
boxes for each object is followed by a semantic segmentation.
Following an intermediate approach, Schmidt et al. first predict
star-convex polygons that approximate the shape of cells and
use non-maximum suppression to prune redundant predictions
(Schmidt et al., 2018; Weigert et al., 2019, 2020). Stringer et al.
use stimulated diffusion originating from the center of a cell to
convert segmentation masks into flow fields. The neural network
is then trained to predict flow fields, which can be converted
back into segmentation masks (Stringer et al., 2020). Each of
these methods has specific strengths and weaknesses. The use
of flow fields as auxiliary representation proved to be a great
advantage for predicting cell shapes that are not roundish. At
the same time, Cellpose is the most computationally demanding
model used. In our hands, Cellpose tended to result in more
obviously erroneously missed objects, in particular, if objects
displayed a distinct appearance compared to their neighbors
(blue arrows in Figures 5B, 6B, 7D). StarDist is much less
computationally demanding, and star-convex polygons are well
suited to approximate elliptical cell shapes. The pre-trained
StarDist model implemented in OpSeF might be less precise
in predicting novel shapes it has not been trained on, e.g,
maple leaves (Figure 4C). This limitation can be overcome
by retraining, given the object is star-convex, which includes
certain concave shapes such as maple leaves. However, some cell-
types (e.g., neurons, amoeba) are typically non star-convex, and
StarDist — due to “limitation by design” - cannot be expected
to segment these objects precisely. Segmentation errors by the
StarDist model were generally plausible. It tended to predict cell-
like shapes, even if they are not present (Figure 6B). Although the
tendency of StarDist to fail gracefully might be advantageous in
most instances, this feature requires particularly careful quality
control to detect and fix errors. The “pixel-to-object” class of
methods is less suited for segmentation of dense cell clusters. The
misclassification of just a few pixels might lead to the fusion of
neighboring cells.

OpSeF integrates three mechanistically distinct methods for
CNN-based segmentation in a single framework. This allows
comparing these methods easily. Nonetheless, we decided against
integrating an automated evaluation, e.g., by determining F1
score, false positive and false negative rates, and accuracy. Firstly,
for most projects no ground-truth is available. Secondly, we want
to encourage the user to visually inspect segmentation results.
Reviewing 100 different segmentation results opened in Image]J
as stack takes only a few minutes and gives valuable insight
into when and how segmentations fail. This knowledge is easily
missed when just looking at the output scores of commonly used
metrics but might have a significant impact on the biological
conclusion. Even segmentation results from a model with 95%
precision and 95% recall for the overall cell population might be
not suited to determine the abundance of a rare cell type if these
cells are systematically missed, detected less accurately in the
mutant situation, or preferentially localized to areas in the tissue
that are not segmented well. Although it is difficult to capture
such issues with standard metrics, they are readily observed by a
human expert. Learning more about the circumstances in which
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certain types of CNN-based segmentation fail helps to decide
when human experts are essential for quality control of results.
Moreover, it is pivotal for the design of postprocessing pipelines.
These might select among multiple segmentation hypotheses —
on an object by object basis — the one which gives the most
consistent results for reconstructing complex cells-shapes in large
3D volumes or for cell-tracking.

Optimizing Results and Computational
Cost

Image analysis pipelines are generally a compromise between
ease-of-use and performance as well as between computational
cost and accuracy. Until now, rather simple, standard U-Nets
are most frequently used models in the major image analysis
tools. In contrast, the winning model of the 2018 Data Science
Bowl by the [ods.ai] topcoders team used sophisticated data
postprocessing to combine the output of 32 different neural
networks (Caicedo et al,, 2019). The high computational cost
currently limits the widespread use of this or similar approaches.
OpSeF is an ideal platform to find the computationally most
efficient solution to a segmentation task. The [ods.ai] topcoders
algorithm was designed to segment five different classes of
nuclei: “small” and “large fluorescent,” “grayscale, “purple
tissue” and “pink and purple tissue” (Caicedo et al, 2019).
Stringer et al. used an even broader collection of images that
included cells of unusual appearance and natural images of
regular cell-like shapes such as shells, garlic, pearls, and stones
(Stringer et al., 2020).

The availability of such versatile models is precious, in
particular, for users, who are unable to train custom models
or lack resources to search for the most efficient pre-trained
model. For most biological applications, however, no one-fits-
all solution is required. Instead, potentially appropriate models
mightbe pre-selected, optimized, and tested using OpSeF. Ideally,
an image analyst and a biomedical researcher will jointly fine-
tune the analysis pipeline and quality control results. This way,
resulting analysis workflows will have the best chances of being
both robust and accurate, and an ideal balance between manual
effort, computational cost, and accuracy might be reached.

Comparison of the models available within OpSeF revealed
that the same task of segmenting 100 images using StarDist took
1.5-fold, Cellpose with fixed scale-factor 3.5-fold, and Cellpose
with flexible scale-factor 5-fold longer compared to segmentation
with the U-Net.

The systematic search of the optimal parameter and ideal
performance might be dispensable if only a few images are to
be processed that can be easily manually curated, but highly
valuable if massive datasets produced by slide-scanner, light-sheet
microscopes or volume EM techniques are to be processed.

Deployment Strategies

We decided against providing OpSeF as an interactive cloud
solution. A local solution uses existing resources best, avoids
limitations generated by the down- and upload of large datasets,
and addresses concerns regarding the security of clinical datasets.
Although the provision of plugins is perceived as crucial to speed

up the adoption of new methods, image analysts increasingly
use the Jupyter notebooks that allow them to document
workflows step-by-step. This is a significant advantage compared
to interactive solutions, in which parameters used for analysis
are not automatically logged. Biologists might hesitate to use
Jupyter notebooks for analysis due to an initial steep learning
curve. Once technical challenges such as the establishment of
the conda environment are overcome, notebooks allow them to
integrate data analysis and documentation with ease. Notebooks
might be deposited in repositories along with the raw data. This
builds more trust in published results by improving transparency
and reproducibility.
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Test-time augmentation for deep
learning-based cell segmentation
on microscopy images

Nikita Moshkov'?%3, Botond Mathe?, Attila Kertesz-Farkas?, Reka Hollandi* &
Peter Horvath'*+

Recent advancements in deep learning have revolutionized the way microscopy images of cells are
processed. Deep learning network architectures have a large number of parameters, thus, in order to
reach high accuracy, they require a massive amount of annotated data. A common way of improving
accuracy builds on the artificial increase of the training set by using different augmentation techniques.
A less common way relies on test-time augmentation (TTA) which yields transformed versions of the
image for prediction and the results are merged. In this paper we describe how we have incorporated
the test-time argumentation prediction method into two major segmentation approaches utilized in
the single-cell analysis of microscopy images. These approaches are semantic segmentation based on
the U-Net, and instance segmentation based on the Mask R-CNN models. Our findings show that even
if only simple test-time augmentations (such as rotation or flipping and proper merging methods) are
applied, TTA can significantly improve prediction accuracy. We have utilized images of tissue and cell
cultures from the Data Science Bowl (DSB) 2018 nuclei segmentation competition and other sources.
Additionally, boosting the highest-scoring method of the DSB with TTA, we could further improve
prediction accuracy, and our method has reached an ever-best score at the DSB.

Identifying objects at the single-cell level is the starting point of most microscopy-based quantitative cellular
image analysis tasks. Precise segmentation of the cell’s nucleus is a major challenge here. Numerous approaches
have been developed, including methods based on mathematical morphology! or differential geometry**. More
recently, deep learning has yielded a never-seen improvement of accuracy and robustness*°. Remarkably, Kaggle’s
Data Science Bowl 2018 (DSB)” was dedicated to nuclei segmentation, and gave a great momentum to this field.
Deep learning-based approaches have proved their effectiveness: practically all the teams used some type of a
deep architecture in the first few hundred leaderboard positions. The most popular architectures included U-Net?,
originally designed for medical image segmentation, and Mask R-CNN®, used for instance segmentation of nat-
ural objects.

Deep learning approaches for object segmentation require a large, and often pixel-wise annotated dataset for
training. This task relies on high-quality samples and domain experts to accurately annotate images. Besides,
analysing biological images is challenging because of their heterogeneity and, sometimes, poorer quality com-
pared to natural images. In addition, ground truth masks might be imperfect due to the annotator-related bias,
which introduces further uncertainty. Consequently, a plethora of annotated samples is required, making object
segmentation a laborious process. One of the techniques utilized to improve the model is data augmentation® of
the training set. Conventionally, a transformation (i.e. rotation, flipping, noise addition, etc.) or a series of trans-
formations are applied on the original images. Data augmentation has become the de facto technique in deep
learning, especially in the case of heterogeneous or small datasets, to improve the accuracy of cell-based analysis.

Another option of improving performance relies on augmenting both the training and the test datasets, then
performing the prediction both on the original and on the augmented versions of the image, followed by merg-
ing the predictions. This approach is called test-time augmentation (Fig. 1). This technique was successfully
used in image classification tasks', for aleatoric uncertainty estimation'’, as well as for the segmentation of MRI
slices/MRI volumes'?. A theoretical formulation'? of test-time augmentation has recently been described by Wang
et al. Their experiments show that TTA helps to eliminate overconfident incorrect predictions. Additionally, a

!Biological Research Centre, Szeged, Hungary. 2University of Szeged, Szeged, Hungary. *National Research
University, Higher School of Economics, Moscow, Russia. “Institute for Molecular Medicine Finland, University of
Helsinki, Helsinki, Finland. *email: horvath.peter@brc.hu
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Figure 1. Principle of the proposed test-time augmentation techniques. Several augmented instances of the
same test images are predicted, and the results are transformed back and merged. In the case of U-Net, pixel-
wise majority voting was applied, while for Mask R-CNN a combination of object matching and majority voting
was applied.
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framework™ has also been proposed for quantifying the uncertainty of the deep neural network (DNN) model for
diagnosing diabetic retinopathy based on test-time data augmentation. Its disadvantage is increased prediction
time, as it is run not only on the original image, but on all of its augmentations as well.

In the current paper we assess the impact and describe cases of utilizing test-time augmentation for
deep-learning models trained on microscopy datasets. We have trained deep learning models for semantic seg-
mentation (when the network only distinguishes the foreground from the background, using the U-Net archi-
tecture) and instance segmentation (when the network assigns labels to separate objects, using the Mask R-CNN
architecture) (Fig. 1). Test-time augmentation has outperformed single instance predictions at each test case, and
could further improve the best result of the DSB, as demonstrated by the improvement of the score, changing
from 0.633 to 0.644.

Methods

Dataset acquisition and description. We have used two datasets: fluorescent microscopy images (further
referred to as ‘fluorescent’ dataset) and histopathology images (further referred to as ‘tissue’ dataset). Most of the
images have come from the stage 1 train/test data of Data Science Bowl 2018. We also used additional sources*2
and other data published in the discussion thread ‘Official External Data Thread” (https://www.kaggle.com/c/
data-science-bowl-2018/discussion/47572) related to DSB 2018. The images were labelled by experts using the
annotation plugins of Image]/Fiji and Gimp. Both datasets were divided into three holdout train/test sets: approx-
imately 5%, 15% (6 splits for each, cross-validation), and 30% (further referred to as ‘5, ‘15’ and ‘30’ in the dataset
name, respectively) of uncropped images were held out as the test set. The test sets (‘5 first cross-validation split
of ‘15’ and ‘30’) did not intersect.

We used the same augmentations (horizontal and vertical flip, 90°, 180° and 270° rotations) for training both
architectures. The images were cropped to the size of 512 x 512 pixels. Crops from the same image were used only
in either the train or test set. Images with a resolution of less than 512 x 512 were resized to that particular size.
Sample images are shown in Fig. 2.

Deep learning models and training. These augmented and cropped training data were used to train the
models. For each dataset (5, 15 (6-fold cross validation) and 30 holdouts for both fluorescent and tissue images)
separate models were trained. Additionally, we also trained U-Net without augmented data to analyse TTA per-
formance on such a network as well (just 1 holdout 15 test set in that case).

Mask R-CNN (implementation®') is an extension of Faster R-CNN, the architecture for object detection.
Solutions based on Mask R-CNN outperform the COCO 2016 challenge winners, and finished at the third place
in Kaggle Data Science Bowl 2018’. The architecture of Mask R-CNN incorporates the following main stages: (1)
Region proposal network (RPN) to propose candidate bounding boxes. It uses a backbone: a convolutional neu-
ral network which serves as a feature extractor. In this implementation it is possible to use resnet50 or resnet101
as a backbone, and we used resnet101. (2) Network head layers: they predict the class, box offset and an output
binary mask for each region of interest (RoI). Masks are generated for each class without competition between
the classes.

Following the strategy described by Hollandi et al.’, the network was trained for 3 epochs for different layer
groups: first, all network layers were trained at a learning rate of 1073, then training was restricted to ResNet stage
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U-Net Mask R-CNN

without TTA with TTA

zoomed original without TTA with TTA

Legend:

[l True positive pixels
[l False positive pixels

M Falise negative pixels

Figure 2. Examples of predictions. (A) U-Net predictions. First column - original image, second column -
predictions without TTA compared to ground truth, third column - predictions with TTA compared to ground
truth. Red indicates false negative pixels, green indicates true positive pixels and blue indicates false positive
pixels. Dividing lines: yellow is false positive division of pixels into objects, and cyan is false negative division

of pixels into objects. Fourth column - averaged TTA predictions before thresholding, fifth column - zoomed
insets from the previous column. (B) Mask R-CNN predictions. Columns are the same as the first three columns
in (A). Images in line 1 are examples of the fluorescent dataset, images in line 2 and 3 are examples of the tissue
dataset.

5 (ResNet consists of 5 stages, each with convolution and identity blocks including 3 convolutional layers per
block) and head layers at a learning rate of 5 x 107, and finally only the head layers were trained at a learning
rate of 10~ The model was initialized with pre-trained weights (https://github.com/matterport/Mask_RCNN/
releases/download/v1.0/mask_rcnn_coco.h5) on the COCO dataset. The loss function of the architecture was
binary cross-entropy with ADAM?? (Adaptive Moment Estimation) solver, batch size 1, the number of iterations
being equal to the train set size.

U-Net (implementation®®) is an architecture originally designed to process biological images, which proved
to be efficient, even when utilizing small training datasets. U-Net based solutions won the 2015 ISBI cell tracking
challenge* and Kaggle Data Science Bowl 2018. Its architecture consists of two main parts: (1) a down-sampling
convolution network or encoder by which we obtain the feature representation of the input image, and (2) an
up-sampling convolution network or decoder, which produces the segmentation from a feature representation
of the input image.

We trained U-Net for 200 epochs at a constant learning rate of 3 x 10~%, and used a binary cross-entropy loss
function with ADAM solver, batch size 1, the number of iterations being equal to the train set size.

Both U-Net and Mask R-CNN implementations are based on the deep learning framework Keras with
Tensorflow backend. The training computations were conducted on a PC with NVIDIA Titan Xp GPU, 32 GB
RAM and Core-i7 CPU.

Test-time augmentation. Test-time augmentation includes four procedures: augmentation, prediction,
dis-augmentation and merging. We first apply augmentations on the test image. These are the same as the aug-
mentations previously applied on the training dataset. We predict on both the original and the augmented images,
then we revert the transformation on the obtained predictions; this process is referred to as dis-augmentation. For
example, when the prediction was performed on a flipped or rotated image, we restore the obtained prediction to
its original orientation. The final merging step is not straightforward in case of Mask R-CNN, as the architecture
is instance aware, thus the merging method has to handle instances. We have developed an extended merging
method inspired by one of the DSB 2018 solutions®* (Fig. 1, right). For each detected object from the original
image, we find the same detected objects in the augmented images by calculating intersection over union (IoU)
between the masks. The minimum IoU threshold used to decide whether the objects found are the same is 0.5. We
iterate over all detected objects to find the best match. An object should be present in the majority of the images
to be included as a final mask. Next, we check the first augmented image for any remaining unused objects (a pos-
sible scenario when an object is not detected in the original image but is detected in any of the augmented ones),
and look for matching unassigned objects on other augmentations. Next, we check the second augmented image
for detected objects, and perform the same operations. We repeat this process until the majority voting criterion
can be theoretically satisfied (in half of the images at a maximum). An average binary object mask is created by
majority pixel voting on paired objects.

For U-Net the merging process is straightforward as it is not instance aware, so we simply sum and average all
the dis-augmented probability maps. It yields a floating point image that needs to be converted to a binary mask.
A simple element-wise thresholding at the value of 0.5 converts the soft masks into binary masks (Fig. 1, right).

Test-time augmentation evaluation. We have evaluated the test-time augmentation model on our test
dataset predictions (see the previous section for details) compared to ground truth masks using the following
evaluation strategies.
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In case of Mask R-CNN we used the same metric as at the Data Science Bowl 2018. It calculates the mean
average precision (mAP) at different intersection over union (IoU) thresholds. The thresholds (t) are in the range
of [0.5, 0.95] with a step of 0.05. An object is considered true positive when the IoU with ground truth is greater
than the threshold, false positive when the predicted object has no associated ground truth object or the overlap
is smaller than the threshold, and false negative when the ground truth object has no associated predicted object.

IoU(A, B) = M
|A U B|
Thus, mAP for an image is calculated as follows:
TP(t)

o =

|thresholds|

" TP(t) + FP(t) + EN(t)

Next, we calculate the average for all images in the test set. The final score is a value between 0 and 1.

U-Net predictions were evaluated using the intersection over union metric, executed at the pixel level. We
summed up the prediction and ground truth binary masks, then we simply counted the pixels that are greater
than one (i.e. the intersection), and divided the resulting values with the number of pixels greater than zero. The
resulting value is a score ranging from 0 to 1.

As described above, we have evaluated the predictions with applying TTA (merged) and without applying TTA
(original). Next, we have evaluated TTA’s performance by calculating the difference as delta = merged — original.

Results

We have evaluated the performance of TTA on two datasets, named ‘Fluorescent’ (fluorescent microscopy
images) and ‘Tissue’ (histopathology images) datasets, described in the “Dataset acquisition and description”
section in detail. Each of them was split in 3 different ways to have approximately 5% (one holdout set), 15%
(cross-validation, 6 splits for each) and 30% (one holdout set) as a test set. By using such versatile data collected
from different sources and representing a wide variety of experimental conditions, as well as by the test set splits,
we aimed to present the truly general performance of TTA, and demonstrate how robustly it works. Regarding
that most of these images were used in a Data Science competition, and some additional images came from other
sources, our final datasets are similar to real-world scenarios.

Our choice of the two popular deep learning architectures, Mask R-CNN (yielding instances) and U-Net
(semantic segmentation) also served the purpose of testing robustness, as the tasks of semantic and instance
segmentation are different, and require different approaches to apply the same method to them. For each dataset/
split, we have trained separate U-Net and Mask R-CNN models. Then, we have evaluated the performance of
TTA for each model’s checkpoint (checkpoints were made for each epoch of training: in case of U-Net, a total
of ‘15’ sets, i.e. every 10th epoch was designated as a checkpoint for cross-validation splits 2-6) as described in
the “Test-time augmentation evaluation” subsection. Next, we performed statistical tests to assess whether the
improvement of the performance is significant.

In the case of Mask R-CNN, TTA on average has provided an improved performance for all dataset splits and
for all model checkpoints. The average mAP score delta is about 0.01 for all “Fluorescent” and “Tissue_5" sets
and 0.02 for the other sets. In all scenarios, TTA has improved the score for most of the images (see Fig. 3 and
Supplementary Fig. 1 for cross-validation splits 2-6). Such a delta value usually corresponds for better segmenta-
tion borders and a reduced rate of false positive or/and false negative detections.

In the case of U-Net, we have evaluated the performance at each epoch during training. For the “Tissue” data-
set TTA has demonstrated a performance gain for all epochs. In case of the “Fluorescent” dataset, a slight decline
in the performance of TTA was observed during early (first 30-50) epochs, which has turned positive after fur-
ther training (Fig. 4A,B). After about epoch 50, the performance without TTA was seen to fluctuate without a
clear trend in all cases (Fig. 4C,D), while the performance with TTA tended to rise for almost all cases, except in
the case of the “Tissue” dataset, where no augmentations were used for training (Fig. 4A). A slight decline or a
slight improvement in the score is usually related to cell borders (as the most uncertain regions in the images). In
some cases, TTA helps to eliminate artifacts and rarely occurring false positive/false negative objects.

For some images TTA has significantly improved the final prediction. Examples of such cases for both U-Net
and Mask R-CNN are shown in Fig. 2.

We have performed Wilcoxon paired test for each dataset/split/checkpoint for the Mask R-CNN results.
P-values in all cases have passed the threshold value of 0.05. For U-Net, the test was performed on the means of
each 10th epoch (20 vs 20 data points) for each dataset/split. The P-values are shown in Supplementary Table 4.

Applying TTA on the DSB2018 (stage2) test set of images has improved performance significantly, surpassing
the best performing method® by 0.011 in the DSB scoring metric, which is identical to the mAP used in this paper
and the output of which was a set of instance segmented masks (Fig. 5). In the context of data science competi-
tions, when the scores are rather dense, we consider this improvement as significant (difference between 2nd and
Ist place on DSB 2018 was only 0.017).

The results without TTA and delta values for each set are available as Supplementary Materials (Supplementary
Table 1. U-Net when augmentations during training were used, Supplementary Table 2. U-Net when augmenta-
tions during training were not used, Supplementary Table 3. Mask R-CNN when augmentations during training
were used).
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Figure 3. TTA performance for Mask R-CNN. TTA performance (delta = merged — original). Each point
represents an image. Dashed line - mean, solid line - median. (A) Fluorescent set 5. (B) Fluorescent set 15
(cross-validation split 1). (C) Fluorescent set 30. (D) Tissue set 5. (E) Tissue set 15 (cross-validation split 1).
(F) Tissue set 30. Orange boxplot - the final model (epoch 3), green boxplot - model trained for 1 epoch, red
boxplot - model trained for 2 epochs.

©

£ — Tissue30

2 0.02 — Tissue15

I° — Tissue5

< 0.015 — Fluo30

% — Fluo15

o — Fluo5

= 0.01

-

S 0.005

[9]

© A

=)

] of)

&

g —0.005

o

>

< 0 50 100 150

Epoch

— Tissue30
— Tissuel5
— Tissue5
— Fluo30
— Fluo15

Average IoU score without TTA

100
Epoch

150

E — Tissue30

20.015 — Tissue15

5 I M * Nm | — Tissues

- \ rM i e A — -

S 0.01 1"‘ w\“w('bﬂwml " L’ * —Eiuozg

£ If LJ e

000l

%0.005 M"V‘MJJ‘%V'MH

E "! Fi Ny AIA"ELHM

3 il

S 0 50 100 150

Epoch

— Tissue30
— Tissuel5
— Tissue5
— Fluo30
— Fluo15
— Fluo5

Average IoU score without TTA

0 50

100
Epoch

150
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et al> method and the same method with TTA). The red bar shows the highest score.

Conclusions

We have performed experiments to estimate test-time augmentations performance for two popular deep learning
frameworks trained to segment nuclei in microscopy images. Our results indicate that on average TTA can pro-
vide higher segmentation accuracy compared to predicting based on the original images only, even though for
some images the results might be marginally worse.

TTA mostly affects the objects’ borders, but in uncertain cases it can help to fit whole objects (remove false
positives or add true positives, especially in case of Mask R-CNN). Overall, in most cases, TTA improves segmen-
tation accuracy. The main use case of TTA is the analysis of uncertain regions in segmentation. However, the high
cost of TTA, related to the fact that multiple times more predictions are required for the same object, is also an
issue to be considered. Therefore, TTA is mainly recommended for use when the basic cost of prediction is low.
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