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ABSTRACT

Live cell imaging is a method to optically investigate living cells using microscopy images.

It plays an increasingly important role in biomedical research as well as drug development.
In this thesis, we focus on label-free mammalian cell tracking and label-free abnormally
shaped nuclei segmentation of microscopy images. We propose a method to use a pre-
computed velocity eld to enhance cell tracking performance. Additionally, we propose an
ensemble method, Weighted Mask Fusion (WMF), combining the results of multiple seg-
mentation models with shape analysis, to improve the nal nuclei segmentation mask. We
also propose an edge-aware Mask RCNN and introduce a hybrid architecture, an ensemble
of CNNs and Swin-Transformer Edge Mask R-CNNs (HER-CNN), to accurately segment
irregularly shaped nuclei of microscopy images. Our experiments indicate that our proposed
method outperforms other existing methods for cell tracking and abnormally shaped nuclei
segmentation.

While image-based dietary assessment methods reduce the time and labor required for
nutrient analysis, the major challenge with deep learning-based approaches is that the perfor-
mance is heavily dependent on the quality of the datasets. Challenges with food data include
su ering from high intra-class variance and class imbalance. In this thesis, we present an
e ective clustering-based training framework named ClusDi for generating high-quality and
representative food images. From experiments, we showcase our method's e ectiveness in
enhancing food image generation. Additionally, we conduct a study on the utilization of

synthetic food images to address the class imbalance issue in long-tailed food classi cation.
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1. INTRODUCTION
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1.1 Label-free Rare Cell Sorting and Tracking in a Micro uidic Device

Understanding the separation and isolation of living cells is crucial for studying funda-
mental biological processes that are related to the treatment and prevention of cancer as well
as the development of drugg]. This task can be challenging, especially in the case of rare
cells. Rare cells are low-abundance cells that present at concentrations less than 1,000 cells
per milliliter of uid sample[ 2]. A typical example of a rare cell is circulating tumor cells
(CTCs), which are known to cause metastatic canced]l Therefore, accurate and e cient
rare cell separation and isolation play an important role in molecular and cellular biology,
biotechnology, and medicine.

There are three main categories of cell separation and isolation techniques: (i) uorescent
label-based, (ii) bead-based, and (iii) label-free cell isolating[ The label-based techniques
rely on uorophores or the beads to mark the cells for sorting and isolation, these mark-
ers usually contain chemical staining which modi es cell properties that are important to
downstream applications. To avoid this issue, the Rare Cell Isolation (RCH[ system has
been developed to separate and isolate the cells based on their physical di erence using mi-
crouidics. The use of microuidics has many advantages such as using small sample volumes
and multiplexing capabilities for high-throughput processing, these advantages have been
providing robust solutions to the challenges in the isolation and analysis of rare cedls|

However, label-free cell sorting imaging is more challenging to analyze than traditional
label-based imaging, such as uorescent imaging, since the contrast between the cell and the
image background is typically low T], the signal-to-noise ratio is often low as well3], and
speci ¢ molecular markers for tracking are generally unavailable. Traditional cell tracking for
label-free cell sorting imaging analysis requires multiple steps of image formation and hand-
crafted feature extractionp], which are time-consuming and laborious for the researchers.

With the increased interest in machine learning, deep learning image-based approaches
have dominated the Multiple Object Tracking (MOT) problems for natural images. However,
there are only a few deep learning approaches for cell trackifhg], [11]. In this thesis, we

focus on tracking cells on phase contrast imaging of mammalian cells in a micro uidic sorting
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device. We propose a deep learning image-based cell tracking method that exploits prior

knowledge of a cell's velocity to assist tracking.

1.2 Abnormally Shaped Nuclei Segmentation

Cell morphology encodes essential information about many underlying biological pro-
cesses. While most nuclei typically have an elliptical shape, many pathologies are linked to
alterations in nuclei shapesl?]. Certain cell types, such as multi-lobed nuclei in neutrophils,
can also have non-elliptical nuclei. Characterization of nuclei shapes has therefore been used
as a feature for various applications, such as determining phases of the cell cycle, measur-
ing cellular response to environmental stimuli, indicating genetic instability, and diagnosing
malignancy [L3]. With recent developments in modern computer vision techniques, nuclei
segmentation has become a necessary step for the quantitative analysis of nuclei morphol-
ogy. These techniques have been widely used to assist researchers in delineating the size and
shape of cells and their corresponding nuclei4], [15].

Image segmentation is a well-studied topic in the eld of computer vision, with numerous
traditional and deep learning approaches. Traditional image segmentation methods, such as
Otsu [16] and Watershed 7], are commonly used in numerous applications including nu-
clei segmentation 18] [ 21] without requiring large annotated training datasets. However,
these methods typically require adjustment of parameters to achieve adequate performance
due to variability caused by factors in the image acquisition environmen2f]. Deep learn-
ing based image segmentation methods, including Mask R-CNR3[ and U-Net [24], have
demonstrated good results for nuclei segmentation after training on a large number of an-
notated nuclei ground truth images 25|, [26]. To further enhance these results, specialized
methods such as StarDist47], [2€]], Cellpose P9, DeepSynth B0}, and NISNet3D [B1] have
been developed speci cally for segmenting nuclei in microscopy images. Synthetic ground
truth image generation methods are frequently used with deep learning nuclei segmentation
methods to create more training samples3f] [ 35.

Many segmentation methods for elliptical nuclei have been proposed, while approaches

for segmenting non-elliptical nuclei are lacking. Due to the diverse shapes of nuclei abnor-
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malities, existing segmentation methods exhibit poor performance when abnormal nuclei
and elliptical nuclei are mixed together. As a result, automatic analysis of nuclei morphol-

ogy is very dicult [ 36]. In this thesis, we are addressing the deep learning image-based
methods for detecting and segmenting the abnormally shaped non-elliptical nuclei from the

microscopy image.

1.3 Synthetic Food Image Generation

A healthy diet is one of the key factors for human wellness and disease prevention.
There is a growing trend for people to track their dietary intake to adhere to or maintain a
healthy diet. Traditional dietary assessment methods3[/, [38] rely on manual self-reporting,
which can be tedious and time-consuming. Image-based dietary assessm&dji [40] aims to
develop automated methods to analyze consumed food typ&g[ [47], portion size |3 [ 45]
directly from captured eating occasion images. One of the major challenges of image-based
dietary assessment is the lack of enough food images in existing datasé€$, [47] to train a
robust deep learning model for food analysis.

One way to increase the size of the food image dataset is by using data augmentation
methods to create more training samples. Traditional data augmentation methods utilize
basic image manipulations including color space transformations, random erasing, geometric
transformations, and kernel ltering[4g], [49. However, these augmentation methods do not
work well when the training data is limited and can result in over tting [50]. With the
development of Generative Adversarial Networks (GANS), generating synthetic images from
GANSs for data augmentation is widely used for various deep learning methodS0], [34].
Food image synthesis using GAN has been investigated such as CookGAl],[built on a
cycle-consistent network$2], RamenGAN 53], built on a standard conditional network p4],
and multi-ingredients pizza generator §5], built on StyleGAN2 [56] have shown a decent
performance on food image generation. However, these methods typically focused on gener-
ating images of only one or a limited number of food classes, primarily due to the challenge
of creating a dataset with a diverse variety of foods. Di usion models have recently become

the hottest research topic in the area of generative models, showing great capability in im-
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age generationj7], super-resolution 8], image modi cation [59], and image inpainting p0.
However, there is no existing work utilizing the di usion model for food image generation.

In this thesis, we rst explore the performance of latent di usion methods on food im-
age generation by ne-tuning a stable di usion modef7] on the Food-101 datasef]1] and
compare results to the images generated using one of the latest GAN-based methods, Style-
GAN3 [6Z7]. We propose a novel clustering-based training framework, ClusDi, to solve the
high intra-class variance issue when training the food image generation model. We evaluate
ClusDi on the Food-101 dataset and demonstrate that our proposed method achieves better
food image generation performance in terms of Frechet Inception Distance Metric (FID)
as compared to the baseline, which is a ne-tuned stable di usion model. We also explore
the bene t of using synthetic images for data augmentation by providing a case study that
uses synthetic food images generated by ClusDi to address the class-imbalance issue in the

VFN-LT dataset [64] for long-tailed food image classi cation.

1.4 Contribution of This Thesis

In this thesis, we propose new methods for label-free live cell tracking in a micro uidic
sorting device, abnormally shaped nuclei segmentation, and synthetic food image generation.

The main contributions of the work are listed as follows:

We modify the Kalman Iter in DeepSORT to use prior knowledge of the objects veloc-
ity to assist the motion estimation and improve the tracking result while outperforming

other approaches in the literature.

We propose the Weighted Mask Fusion (WMF), combining the results of multiple

segmentation models, to improve the nal nuclei segmentation mask.

We propose an edge-aware Mask RCNN method, and introduced a hybrid architec-
ture, an ensemble of CNNs and Swin-Transformer Edge Mask R-CNNs, to accurately

segment irregularly shaped nuclei in microscopy images.

We propose an e ective clustering-based training framework, named ClusDi , for gen-

erating high-quality and representative food images.

22



15

1.6

Publications Resulting From This Thesis

. Y. Han , Y. Lei, V. Shkolnikov, D. Xin, A. Auduong, S. Barcelo, J. Allebach, E. J.

Delp, "Ensemble Processing and Convexity Measure for Abnormally Shaped Nuclei

Segmentation”,SPIE Medical Imaging February 2024, San Diego, CA.

. Y. Han , J. He, M. Gupta, E. J. Delp, F. Zhu, "Di usion Model with Clustering-based

Conditioning for Food Image Generation"8th International Workshop on Multimedia

Assisted Dietary Management (MADiMa) October 2023, Ottawa, Canada.

. Y. Han , Y. Lei, V. Shkolnikov, D. Xin, A. Auduong, S. Barcelo, J. Allebach, E. J.

Delp, "An Ensemble Method With Edge Awareness for Abnormally Shaped Nuclei
Segmentation”,IEEE/CVF Conference on Computer Vision and Pattern Recognition
Workshop (CVPR), June 2023, Vancouver, Canada.

. Y. Han , Y. Lei, V. Shkolnikov, D. Xin, A. Auduong, S. Barcelo, J. Allebach, E. J.

Delp, "Ensemble Processing and Synthetic Image Generation for Abnormally Shaped

Nuclei Segmentation”bioRxiv, February 2023.

. Y.Han , Y. Lei, V. Shkolnikov, D. Xin, S. Barcelo, J. Allebach, E. J. Delp, "Label-Free

Mammalian Cell Tracking Enhanced by Precomputed Velocity Fields'RProceedings of
the IEEE International Conference on Machine Learning and Application (ICMLA)

December 2022, Nassau, Bahamas.

Publications Not Resulting From This Thesis

. G. Tonmoy, Y. Han , V. Raju, D, Hossain, M. A. McCrory, J. Higgins, C. Boushey, E.

J. Delp, and E. Sazonov "Integrated Image and Sensor-Based Food Intake Detection

in Free-Living", Scienti ¢ Reports 14, no. 1. 1665 January 2024.

. W. Fu, Y. Han , J. He, S, Baireddy, M, Gupta, and F Zhu, "Conditional Synthetic

Food Image Generation",Proceedings of the Imaging and Multimedia Analytics in a
Web and Mobile World Conference, IS&T Electronic Imaging Symposiunfebruary
2023, Burlingame, CA.

23



3. Z. Shao,Y. Han , J. He, R. Mao, J. Wright, D. Kerr, C. J. Boushey, and F. Zhu, "An
Integrated System for Mobile Image-Based Dietary Assessmer®roceedings of the 3rd

Workshop on AlxFood, ACM Multimedig October 2021, Chengdu, China (Hybrid).

4. Y. Han , S. K. Yarlagadda, T. Ghosh, F. Zhu, E. Sazonov, and E. J. Delp, "Improving
Food Detection For Images From a Wearable Egocentric Cameraroceedings of the
Imaging and Multimedia Analytics in a Web and Mobile World Conference, IS&T
Electronic Imaging SymposiumFebruary 2021, Burlingame, CA (Virtual).

24



2. Label-Free Mammalian Cell Tracking Enhanced by

Precomputed Velocity Fields

25



2.1 Overview

Label-free cell imaging, where the cell is not "labeled" or modi ed by uorescent chem-
icals, is an important research area in the eld of biology. It avoids altering the cell's
properties which typically happens in the process of chemical labeling. However, without
the contrast enhancement from the label, the analysis of label-free imaging is more chal-
lenging than label-based imaging. In addition, it provides few human interpretable features,
and thus needs machine learning approaches to help with the identi cation and tracking of
speci c cells. We are interested in label-free phase contrast imaging to track cells owing
in a cell sorting device where images are acquired at 500 frames/s. Existing Multiple Ob-
ject Tracking (MOT) methods face four major challenges when used for tracking cells in a
micro uidic sorting device: (i) most of the cells have large displacements between frames
without any overlap; (i) it is di cult to distinguish between cells as they are visually sim-
ilar to each other; (iii) the velocities of cells vary with the location in the device; (iv) the
appearance of cells may change as they move in and out of the focal plane of the imaging
sensor that observes the isolation process.

In this Chapter, we introduce a method for tracking cells in a prede ned ow in the
sorting device via phase contrast microscopy. Our proposed method is based on DeepSORT
and YOLOv4 and exploits prior knowledge of a cell's velocity to assist in tracking. We modify
the Kalman lter in DeepSORT to accommodate a non-constant velocity motion model and
integrate a representative velocity eld obtained from uid dynamics into the Kalman lIter.

The experimental results show that our proposed method outperforms several MOT methods

for tracking cells in the sorting device.

2.2 Introduction

Label-free cell imaging is increasingly gaining interest in biomedical research, as chemical
labeling processes risk altering the cells properties and should be avoided, especially if the

cells are to be used further for clinical applicationsf]. ! However, label-free imaging is

1"The use of the terms label or labeling in this Chapter indicates the process of adding labels such as dyes,
dye functionalized probes (e.g., dye functionalized antibody), or particles to the cells, which bind to the cells
and alters the cells optical properties and enhances their contrast during imaging. It is not to be confused
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Figure 2.1. A phase contrast microscopy image of the cell sorting device or
chip. The ow direction is shown in red arrows. A stream of cells enters the

chip from the bottom inlet, the dielectrophoretic force guides the cells to two

di erent outlets.

more challenging to be analyzed than traditional label-based imaging, such as uorescent
imaging, since the contrast between the cell and the image background is typically loW, [
the signal-to-noise ratio is often low as welld], and speci ¢ molecular markers for tracking
are generally unavailable. Furthermore, label-free imaging provides few human-interpretable

image features (HIFs) and thus can bene t from machine learning approaches to help with

with the ground truthing the images, which in the machine learning community is also sometimes referred
to as "label" or "labeling".
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the identi cation and tracking of specic cell types. HIFs include cell sizes and shapes,
nucleus sizes and shapes, textures, and morpholodiék[

In this Chapter, we focus on phase contrast imaging of mammalian cells, which is a com-
mon type of label-free imaging techniques[/]. We use phase contrast microscopy to track
cells owing in a micro uidic sorting device. (referred to as the chip in this Chapter). Mi-
cro uidics is increasingly used for high throughput cell manipulations, including for clinical
applications [6g], and thus label-free tracking of cells in a ow is rapidly gaining importance.
Figure 2.1 shows a frame taken of the micro uidic cell sorting device or the "chip”. The chip
operates by a hydrodynamically focusing stream of cells that enters the chip hardware from
the bottom inlet. Dielectrophoretic force guides the cells to two di erent outlets based on
the polarization of the cells in an alternating current electric eld. Since the cells are in a
suspension state (i.e., suspended in a uid as opposed to attached to a surface), they exhibit
even fewer HIFs relative to their adhered state (they are adhered to a surface) and are thus
di cult to track.

We introduce a method for tracking cells in a known ow eld in the sorting device via
phase contrast microscopy. We apply this method to track cells in our chip for the isolation
of rare cells based on their electric properties. One major application of this system is the
isolation of circulating tumor cells for therapy evaluation, where isolated cells are subject to
therapy candidates and the cells response is tracked. We desire to use label-free sorting and
cell tracking of these cells to avoid the risk of the chemical labeling or staining processes
altering the cells response to therapy.

Furthermore, we require the sorting to be high throughput, since clinically relevant con-
centrations of circulating tumor cells can be as low as in the order @b cells in 10 total
blood cells. Besides the challenges of tracking the cells in label-free imaging, in our high
speed imaging of the chip, we chose a frame rate based on a tradeo between the need to
track the cells for a longer time and camera data storage limitations. This results in a rel-
atively large cell displacement between each frame (up to 6 to 10 cell diameters). This is a
widely encountered tradeo when imaging high throughput micro uidic systems with high

speed cameras, which are often available to many micro uidic and biomedical researchers.
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Due to these challenges and constraints, existing multiple object tracking techniques do not
perform well for tracking cells in the chip.

To address these challenges, we describe a new multiple object tracking (MOT) technique
for label-free imaging assisted by a representative velocity eld precomputed from the ow
eld in the chip. We present a simple and e ective modi cation to the Kalman Iter[ 69
to make full use of the representative velocity eld. We rst adjust the Kalman lIter state
matrix used in DeepSORTY(] to address the non-constant velocity motion of the cells in the
chip. Then we modify the "measurement” part of the Kalman Iter used in DeepSORT to
integrate the representative velocity eld into the motion estimation module.

These two modi cations can be used with any MOT task when objects’ velocities are ac-
cessible before or during the tracking. Bene ting from these two modi cations to the baseline
DeepSORT method, improvements are achieved for both of the two commonly used metrics
for MOT tasks, MOTA (Multiple Object Tracking Accuracy) [ 71] and IDF1 (Identi cation
F1 Score) 2. We tested our proposed method on our challenging cell tracking dataset
and the evaluation results show our method outperforms several existing MOT methods and
achieved 26.4 in MOTA and 34.7 in IDF1. Our major contributions in this Chapter are

summarized as follows:

We describe a cell tracking technique for tracking multiple cells in the chip.

We propose modi cations to the Kalman Iter in DeepSORT to integrate velocity

information of the tracked objects, which improves the tracking of multiple cells.

2.3 Related Work

In this section, we describe the existing methods in general multiple object tracking, then

we introduce some previous work that focuses on cell tracking.

2.3.1 General Multiple Object Tracking

The goal of Multiple Object Tracking (MOT) is to analyze a video in order to identify

and track objects that belong to one or more categories, such as pedestrians, cars, and
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animals without any prior knowledge about the appearance and the number of targets. The
standard approach employed in MOT is tracking-by-detection]3], where a set of detections
are extracted from the video frames and an association or correspondence method that
assigns the same track identity number to the bounding boxes that contain the same object.
The association methods rely on motion information or object appearance features (e.g.,
shape or edges), or both.

Motion estimation methods model how the object moves and predicts the position of
the object in future frames. The MOT methods in T4 [ 77] only used motion information
to associate a track with a set of objects. Kalman lter §9 is commonly used for motion
estimation in MOT[7Q], [77][79. With the recent development of neural networks, the
recurrent neural network (RNN) or long short-term memory (LSTM) network has been used
for non-linear motion estimation in several MOT approaches’§], [80], [81]. However, these
methods usually require a large amount of ground truth data (more than 5000 tracks) to
train the neural network.

The object appearance features are unique visual representations of an object to distin-
guish it from other objects. Examples of appearance features include shapes, sizes, colors,
and edges. Convolutional Neural Network (CNN) is commonly used to extract the visual
features. MOT methods described in7[0], [87], [8F utilized both motion information and
appearance features for associating tracks with particular objects. The addition of the ap-
pearance features assists the motion estimation module to deal with the occlusion of objects
and to alleviate the problem of the objects changing their identities, therefore achieving
better tracking results than methods solely using the motion information.

With the latest progress in the object re-identi cation, several methods34] [ 87] only used
the object appearance features for track association. However, these methods require the
appearance features of an object to be similar across the frames, and have enough di erences

from other objects.
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2.3.2 Cell Tracking

Although deep learning methods have dominated the analysis of the MOT problem for
natural images, there are only a few deep learning approaches for cell trackiri [11]. Un-
like the general MOT, a very limited number of publicly available ground truth datasets focus
on cell tracking. The ISBI Cell Tracking Challenge}d], [89 had been the only standardized
benchmark in this area. However, the evaluation methodology of this challenge is di erent
from the common metrics generally used in MOT. CTMC Cell Tracking Challeng@{) is the
rst published cell tracking dataset with an online evaluation server using both evaluation
metrics from mainstream MOT and cell tracking communities. The di erences within cell
tracking tasks, such as having distinct motion patterns and whether containing the divisions
of parent cells, are signi cant. Unlike the methods designed for the challenges mentioned
above that focus on tracking live-cells' interaction with their surrounding environment, track-
ing cells in the chip involves hydrodynamic drag force which accelerates cell movement. This
major di erence brings unique challenges that cause other cell tracking methods not to work

well on tracking cells in the chip.

2.4 Proposed Method

Tracking cells in the chip is challenging because the cells have non-constant velocities
and appear similar. Since the chip utilizes a uniform dielectrophoretic force eld to separate
the cells, we are able to estimate a velocity eld in the chip. We call this the represen-
tative velocity eld and it represents the estimated velocities of the cells in the chip. We
describe how we get this representative velocity eld in detail in Sectio@.5.2 The ideal
cell tracking method should utilize both cell motion and cell appearance features for bet-
ter track association. It also needs to take advantage of the representative velocity eld
to deal with the unique motion pattern in the chip. Computational e ciency is another
important factor when analyzing long image sequences in real applications. Therefore, we
choose DeepSORT[] with YOLOv4[91] detector as our baseline method and incorporate

prior knowledge of the cell's velocity into the motion estimation module.
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Figure 2.2. The block diagram of YOLOv4 architecture from 92].

2.4.1 Baseline Cell Tracking

Cell Detector

Our baseline cell tracking method uses a tracking-by-detection approach. First, we detect
all the cells in each frame and construct a bounding box around each cell. Then a cell tracker
is used to associate tracks with particular cells (track association). YOLOvAT]] is used as
the cell detector in our baseline method. It is an e cient and powerful one-stage object
detection and classi cation system which can produce detection results in real time. The
block diagram of YOLOv4 is shown in Figure2.2. For the backbone architecture, it rst
integrates the residual module into the ResNet structure to construct a Darkne®§], then a

cross-stage partial network (CSPNet)94] is combined for improving the performance, and
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Figure 2.3. The block diagram of DeepSORT.

the nal structure is referred as CSPDarkNet53 91]. The Spatial Pyramid Pooling (SPP)

[95] block is integrated with CSPDarknet53 and then linked to path aggregation network
(PANet) [9€] as the neck of the YOLOvV4 architecture to improve the detection of objects at
di erent scales. The detection head of YOLOv4 consists of three di erent scale predictions
of the bounding boxes, the nal bounding box is obtained from non-maximum suppression

(NMS) on the bounding boxes predicted from each scale.

Cell Tracker

DeepSORT [/( is used for tracking the cells, which utilizes both bounding box parameters
and appearance features of the detected cells to associate the cells to existing tracks. The
block diagram of DeepSORT is shown in Figuré.3.

The motion information is estimated by using Kalman Iter[69] that predicts the bound-
ing box parameters of a cell in the next frame. The appearance features are determined
using a pre-trained CNN through examining the pixels in the detected bounding box. The
appearance features and the estimated motion are then used for matching a detected cell
to an existing track. The Hungarian minimum cost methodj7] is used for matching newly

detected cells to previously tracked cells with similar motion and cell appearance.
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DeepSORT[(] utilizes the Kalman Iter for tracking the bounding boxes of the cells. It
provides a prediction of the future system state, based on the past estimation of the motion
and the measurement of the newly detected cells' motion. The system state vectorof
the Kalman Iter is de ned as an 8-dimensional vector(x;y;a;h;x;y;a;h). Where (x;y)
marks the center of the cell bounding boxh is the height of the bounding box,a is the
aspect ratio of the bounding box (height/width), and (x; y;a;h) are their corresponding
velocities. Since the cell detector does not provide velocity information, the velocities in the
initial system state vector are manually chosen. The measurement vectoiin the Kalman
Iter represents a true system statey with random measurement noise. In DeepSORT,
measurement vector only contains cell's bounding box information with velocities assumed
0. By incorporating the system state estimatiorx,, calculated from the previous frame and
the current measurement vectorz,, the Kalman Iter obtains re ned current system state
estimation x?, and uses state transition matrixF to predict the next system statex,. ; from
x2. The state transition matrix F represents the system's dynamic model, and DeepSORT
uses a constant velocity motion model. The new prediction of the next system statg. ;
will be used as the system state estimation for further iterations.

The cell appearance feature in DeepSORA) is extracted by a CNN trained on a large-
scale re-identi cation dataset. The appearance features of a detected cell are represented
by a 1x128 vector. The distance between appearance vectors from the same cell across the
frames should be small and the distance between appearance vectors from di erent cells
should be large.

In DeepSORT, the costC for associating two detected cells from two frames is de ned
in Equation 2.1

C=dn+( )da (2.1)

whered,, is the Mahalanobis Distance}8] between the predicted system state and the mea-
surement motion vector of the detected cell and, is the Cosine Distanceé]9 between the
appearance features of two cells. The weightis used to control how much the motion fea-

tures or appearance features a ecC. Pre-de ned thresholds for the Mahalanobis Distance
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and the Cosine Distance are used to exclude outlier cases where two objects have signi cant
di erences in motion or appearance.

When associating detected cells with tracksC is computed for each pair of an existing
track and a detected cell in the new frame (removing outliers by thresholding). @ is the
smallest between a detected cell and a con rmed track, then this cell is matched with the
track, and the unassociated age of this track is set to zero. The unassociated age of a track is
the number of frames where a con rmed track fails to be associated with a detected cell. If
a detected cell fails to associate with any of the con rmed tracks, then this cell is initialized
as a new tentative track. For the detected cells in the following frame, we try to associate
them with the new tentative tracks. If a new tentative track is successfully associated with a
cell, it will be updated to a con rmed track. Otherwise, it will be removed immediately. For
the con rmed tracks which fail to be associated with any newly detected cell in the frame,
the unassociated age of this track will increase by. If the unassociated age exceeds the

pre-de ned maximum unassociated age, this track will be determined as ended.

2.4.2 Integrating Velocity Prior Knowledge

Although DeepSORT has been widely used in many di erent tracking applications, it
did not perform well in our dataset due to inaccurate motion estimation. Tracking cells in
the chip requires more accurate motion estimation. The motion estimation method used
in DeepSORT is a basic Kalman lter that assumes constant velocity which fails with non-
constant velocity. Another issue with DeepSORT is that the velocities of newly detected cells
are initialized to 0 because the detector cannot measure the velocity. The fact that cells move
with di erent velocities and accelerations in the chip causes inaccurate motion estimation.
In our application, we can get prior knowledge of cells' velocities at di erent locations from
the micro uidic chip design, which we call the representative velocity eld. By incorporating

these velocities into Kalman lter, we are likely to get better motion estimation.
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Modi ed Kalman Filter

To work with the non-constant velocity in the chip, we modify the Kalman lter state
vector X to a 12-dimensional vector(x;y; a; h;x;y;a;h; x;y;a;h). Where (x;y) marks the
center of the cell bounding boxh is the height of the bounding boxa is the aspect ratio of the
bounding box (height/width), (x;y;a;h) are their corresponding velocities, andx;y; &;h)
are their corresponding accelerations.

With changes in the Kalman lIter state vector, the state transition matrix F in the
state extrapolation equation needs to be adjusted to a linear constant acceleration model.
Equation 2.2 shows the extrapolation equation and Equatio.3 shows matrix multiplication

results.

Xps1 = Fx O (2.2)

wheren is the frame number,x? is the 12-dimensional re ned system state estimation
vector at frame n, X, is the estimated next system state, andr is the modi ed transition

matrix.

Xps1 = Xn + Xn t+0:5%, t2
Xp+1 = Xn + Kp t (2.3)
Xn+1 = %n
wherex is the cell bounding box center position x-coordinates and x is its corresponding

velocity and acceleration. t is the time between two frames and n + 1. The rest of the

parameters in the system state vector are updated in the same wayas

Velocity Field Integration

To integrate the velocity eld into the motion estimation module, we modify the "mea-
surement” part of the Kalman Iter. The measurement part takes the detected cell motion
information and uses it to re ne the Kalman Iter estimated state vector. The measure-

ment vector z used in the original Kalman lter is a 4-dimensional(x;y; a; h) vector. Where
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(x;y) are the cell bounding box coordinatesh is the height of the bounding box, anda
is the aspect ratio of the bounding box (height/width). This 4-dimensional vector does
not record any velocity information. We modify measurement vectoz to an 8-dimensional
(x;y;a; h;x; y;a;h) vector, where(x; y;a;h) are the corresponding velocities of the parame-
ters in the original 4-dimensional measurement vector. In the measurement step, they)
are obtained from the detected cell bounding box, we use th{&;y) location to nd the
corresponding velocities in the representative velocity eld and use them f@k;y). The a
and h are the rate of change of the aspect ratio and the height of the bounding box, we
initialize them as 0 since the aspect ratio and the height of the cell do not change much.
With the new system state and measurement vectors, we adjust the observation matrix
H to an 8x12 matrix with an 8x8 identity matrix concatenated with an 8x4 all zero matrix.
The observation matrix H is used to identify which states are measured. For example, we
are not able to measure the acceleration of the cell. This adjustment ensures the velocities of

cells are passed into the measurement vector. Equati@n shows our modi cation in detail.

Hy, + v,

Z,
;
H xiy;ahixyia b x;y,ah + Vi (2.4)
T
xy;ahixyiah + Va

where z, is the measurement vector at frame ny, is the newly measured true system
state vector at frame n,v, is a Gaussian random noise vectok;y;a; h are obtained from
the cells' bounding box,x andy are selected based on the location of the bounding box and
the representative velocity eld. The rest of the parameters are set t0.

These modi cations allow the Kalman Iter motion estimation module in DeepSORT to
take advantage of the velocities from the representative eld and therefore model cells' non-
constant velocities more accurately. The overall block diagram of our proposed cell tracking

system is shown in Figure?.4.
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Figure 2.4. The block diagram of the proposed cell tracking system. (The
dashed line process only happens once in initialization.)
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Figure 2.5. Each row is the appearance of a single cell in 5 di erent frames,
(a)(b) are melanoma cancer cells, (c) is a white blood cell (WBC).

2.5 Tracking Cells in the Chip

In this section, we introduce the type of data we acquired from our rare cell isolation
chip. We present our cell tracking dataset and describe the challenges which make this
cell tracking problem unique compared to general MOT problems and other cell tracking

problems.

2.5.1 Challenges

The video frames of the chip are phase contrast microscopy images captured by a high-
speed camera attached to the microscope. The chip is designed to separate and isolate mixed
cells, the high ow rate in this process causes large displacement of cells between the captured
video frames. When cells move to the center of the chip, the dielectrophoretic force eld

slows them down for separation, then the cells accelerate when exiting the chip. Unlike most
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of the MOT tasks, large displacement of cells means there is no overlap of a cell's bounding
box between two frames. This unique motion pattern of the cells in the chip causes motion
estimation methods to fail when trying to predict the location of the cells accurately.

The use of an object's appearance features can help overcome the challenge of tracking
objects with complicated motion patterns. It is also used to handle the occlusions in MOT.
However, in our cell tracking problem, the di erence in appearance between each cell is
di cult to distinguish. The same individual cell may appear di erently with a change of
focus or location in the chip. Figure2.5 shows the appearance of three di erent cells in 5
frames. This challenge demonstrates that appearance features alone are not enough for our
cell tracking problem.

In summary, tracking cells in our chip consists of two main challenges: (i) the unique
motion pattern of the objects with large displacements between frames, and (ii) the appear-
ance of a cell is not distinct, and sometimes not consistent. These challenges exclude many

well-known MOT methods for this problem.

2.5.2 Representative Velocity Field

A cells velocity in the chip is determined by the superposition of the hydrodynamic drag
force from the local ow velocity and a dielectrophoretic body force. In a large portion of
the ow eld, the contribution of the hydrodynamic drag force dominates. We thus used
the ow velocity as the characteristic velocity eld as shown in Figure2.6. We calculated
this eld by numerically solving the Navier-Stokes equationg[0d using COMSOL[L01]. We
simpli ed the Navier-Stokes equations with a low Reynolds number assumption. For this
solution, we prescribed the ow rate at the inlet and assumed equal pressures at the two
outlets. We are able to estimate a cell's velocity in the chip with this eld information, and
we shall denote this eld as the "representative velocity eld" of the chip.

The representative velocity eld records horizontal and vertical velocitieguy ; vyy) at
each location(x;y) in the chip. We mapped the velocity eld to the image space by bilinear
interpolation[102 to make sure every pixel in a frame has a representative velocity associated

with it. The interpolation was done separately on each velocity component.
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Figure 2.6. The representative velocity eld in the chip. The velocity eld in
the chip is visualized as a collection of vectors with the magnitude of velocity
and direction for that point.
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Although the representative velocity eld can represent the general motion pattern of
the cells in the chip, the cells' velocities in each experiment may be dierent from the
velocities obtained from the representative velocity eld due to the di erent types of cells,
the di erent ow rates used, the interactions between cells, and interaction with the chip
boundaries. However, the Kalman Iter can e ectively produce motion estimation to predict
the locations of the cells based on inaccurate and uncertain measurements. Thus, we use this
representative velocity eld as the prior information of a cell's velocity to assist the tracking

system in improving the cell tracking performance.

2.6 Experimental Results

We conducted experiments using our ground truth cell tracking dataset and compared
our proposed method to the baseline DeepSORT and several other MOT methods. The
cell detection performance is evaluated with Precision, Recall and F1 score. The tracking
performance is evaluated with two commonly used metrics in MOT, which are Multi-Object
Tracking Accuracy (MOTA)[ 71] and Identi cation F1 Score (IDF1) [72]. The score of MOTA
ranges between negative values and 100 and IDF1 ranges between 0 and 100, both with better
performance indicated by values lying closer to 100.

Our experiments were implemented on a 10-core Intel i9-9900X CPU@3.50GHz with an
Nvidia TITAN RTX GPU. We selected the weight which controls the in uence of motion
or the appearance metric on the combined association cost= 0:6. YOLOv4 was trained
for 500 epochs. The con dence threshold of the detector was set to 0.7 which means only
the detected cells with a con dence score over 0.7 will be tracked. The IloU threshold for

detection is set to 0.8.

2.6.1 Evaluation Metrics

We use two metrics from the MOT challengé[03 to evaluate our cell tracking task:
Multiple Object Tracking Accuracy (MOTA)[ 71] and ID F1 Score (IDF1) [/Z]. MOTA is
de ned in Equation 2.5
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Cell Cases % Di erence of Velocity

Cell to the left 31.61%
Cell stuck at wall 42.84%
Cell to the right 26.14%

Table 2.1. % Di erence of velocities between ground truth and representative eld

(FN + FP + IDSW)

MOTA =1
GT

(2.5)

WhereT P is the total number of predicted detections that are matched with ground truth
annotations, FP is the rest of the predicted detections that are not matched with ground
truth annotations, FN is the total number of ground truth annotations that are not matched.
IDSW is the total number of the identity switches of theT P and the GT is the number of
ground truth annotations. We can see that MOTA focuses on detection performance, and
its scores can range between negative values and 100, with better performance indicated by
values lying closer to 100.

IDF1 is de ned in Equation 2.6:

2IDTP

IDF 1= 5 57F + IDFP + IDFN (2.6)

Where IDTP is the total correctly identi ed detections, IDFP is the false positive
identi ed detections, and IDFN is the false negative identi ed detections. IDF1 not only
considers detection performance but also veri es the object identity. It ranges between O

and 100@%, with better performance indicated by values lying closer to 1060.

2.6.2 Dataset

A stream of melanoma cancer cells and white blood cells (WBC) mixture was injected
into the input channel of the chip. The cell sorting process is captured by a high-speed
camera and phase contrast microscopy. The entire process contains more than 40,000 images

captured at 500 frames per second. We randomly sampled 80 images and split them into 50,
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Cell Cases % Di erence of Velocity

Cell to the left 31.61%
Cell stuck at wall 25.77%
Cell to the right 26.14%

Table 2.2. % Di erence of velocities between ground truth and representative
eld after constraints implemented

10, and 20 as the training, validation and testing dataset for the YOLOv4 cell detector and
excluded them from the dataset. We randomly selected the starting frame and annotated
three 50-frame sequences. One of three 50-frame sequences is used for training the deep
learning MOT methods for comparison. The other two are used for the evaluation of cell
tracking methods. None of the three image sequences have any temporal overlap with each
other. We are only interested in tracking in-focus cells, thus only the in-focus cells were

annotated.

2.6.3 Validation of the Representative Velocity Field

To validate the simulated representative velocity eld data, we select 3 cells from the
50-frame sequence which is used for training. These 3 cells represent 3 common cases in the
chip: separating to the left exit, separating to the right exit, and being stuck at the wall. We
calculate the velocities between each frame in the 50-frame sequence for these 3 cells and use
them as the ground truth velocities to compare with the velocities obtained from the eld.

We record the percentage di erence between ground truth velocities and velocities obtained
from the eld, the result is shown in Table2.1.

The percentage di erence of the velocities between ground truth and representative eld
is quite high when a cell is stuck at the wall. We investigate this situation and it indicates
that at the region near the boundary of the chip, the velocities obtained from the eld
are not consistent with the ground truth. Therefore, We add a boundary condition to the
representative velocity eld to exclude these parts we need to exclude these parts. The

constraint is achieved by setting a minimum velocity threshold/,i, to the representative
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Cell Type Precision Recall F1-Score

WBC 0.67 0.94 0.78
Melanoma 0.98 0.98 0.98
Mixed 0.79 0.96 0.86

Table 2.3. The performance of the YOLOv4 cell detector

velocity eld, if the velocity is below vqi,, we will not combine it as the measurement
of the cell's velocity in the Kalman Iter. Table 2.2 shows the new percentage di erence
between ground truth velocities and velocities obtained from the eld after we implement
the boundary condition. The calculation only applied to the velocities not excluded from
the representative eld.

The boundary condition only a ects the cell stuck at the wall since the other two cells
trajectories do not overlap with the excluded region. After the boundary condition is ap-
plied, the percentage dierences in velocity between ground truth and the representative
eld of all three common cases are similar. Since the Kalman Iter can e ectively produce
motion estimation to predict the locations of the cells based on inaccurate and uncertain
measurements, with the boundary condition, we believe the representative velocity eld can

be used as prior information to improve cell tracking performance in the chip.

2.6.4 Discussion

The performance of the YOLOv4 cell detector is shown in Tablg.3. We can see that
it is more challenging to detect WBC than Melanoma cells due to the size of WBC on the
image being small and easy to be out of focus. In our project, we value Recall more than
Precision and YOLOv4 achieves oved:9 Recall for both cell types.

We compare our proposed method with the baseline DeepSORT] and two other pop-
ular MOT methods, FairMOT[87] and CenterTrack[L04. FairMOT[87] is a method that
only uses object appearance features for detection and re-identi cation to get the tracking
result. CenterTrack[L04] localizes tracking objects and predicts their displacement with the

previous frame to build the tracks. All these three methods showed top performance in the
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Figure 2.7. Each row shows three consecutive frames from the testing dataset.
The rst row is the ground truth annotation of the cells we are interested in.
The second row and the third row are the tracking results from the baseline
DeepSORT method, and our proposed method, respectively. The numbers
above the bounding boxes indicate the track identi er. The track identi er
of the same object is di erent in the two methods' results because methods
initiated di erent amounts of tracks before these three frames.

Methods MOTA IDF1
DeepSORT[/(] 17.9 24.6
FairMOT[ 87] 11.4 12.1

CenterTrack[104 17.5 16.3
Modi ed DeepSORT 20.8 28.2
Proposed Method 26.4 34.7

Table 2.4. The cell tracking results of di erent methods
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MOT challengefl03 for tracking pedestrians. We evaluate the comparison methods using
the same dataset as used for our proposed method. The comparison results are shown in
Table 2.4. Due to the limited amount of annotated training data and the challenges men-
tioned in section2.5.1, the general MOT methods in our cell tracking task do not achieve
decent results as they did in MOT challenge$p3. We also conduct an experiment using our
modi ed version of DeepSORT without the velocity eld data as input. The result shows
that our modi ed DeepSORT, which uses a constant acceleration model in Kalman Filter,
ts the motion in the chip better and improves tracking results. With the input of the
representative velocity eld, our proposed method achieves higher MOTA and IDF1 results
than all the comparison methods.

Figure 2.7 demonstrates our proposed method improves the cell tracking results in the
chip by comparing it with the baseline method. We focus on the initialization and persever-
ance of track identi ers of the same objects on each row, then compare two methods. It can
be seen that our proposed method picks up more cells as well as starts to track them earlier
when compared with the baseline DeepSORT method. By making use of the representative
velocity eld, our tracking method can successfully associate the tracks to the cells with high
velocities. As shown in the third row in Figure2.7, our method better captured cell 87 and
cell 102 at the input area of the chip while these two cells did not show up in the baseline
method results. Cell 7 from the third row of Figure2.7 is a cell approaching the separation
area, which means its motion changes from accelerating to slowing down. This cell is picked
up for tracking sooner with our proposed method than the baseline method, which shows
our method adapts better to the unique motion pattern in the chip. The rest of the results
look similar, which means the deviation from real velocities in the representative eld is well
recti ed by the modi ed KF and does not worsen the result.

However, tracking cells in the high-velocity area of the chip remains a challenging prob-
lem, especially when the cell's visual appearance is not consistent across the frames. For
example, Figure2.5 shows the appearance of three cells in di erent frames, we can see the
appearance of melanoma cells in (a) and (b) changes a lot within only 5 frames and the
WBC in row (c) has a blurry looking. The appearance feature extraction model used in our

method is the one used in DeepSORT, which is trained on a pedestrian dataset. This model
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may not be able to di erentiate individual cells well and therefore may fail in associating
the same cell across frames in this challenging condition. We also notice that most of the
lost cells are WBC at the input and exit regions of the chip. The WBC cells are smaller,
thus may travel faster and their appearance features are even less distinct, making it more
challenging to associate them with the correct tracks.

With approximately 30 MOTA and IDF1 scores, our method still has room for improve-
ment. However, all three comparison methods achieve over 60 in MOTA on the MOT16
benchmark for general object tracking of pedestrians and cars, but below 20 in our cell
tracking problem. Our cell tracking problem is so challenging that existing MOT methods
performance would drop signi cantly. By integrating the representative velocity eld infor-
mation into the motion model, we successfully bene t from domain knowledge and improve

cell tracking results.
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3. Ensemble Processing and Synthetic Image Generation for

Abnormally Shaped Nuclei Segmentation
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3.1 Overview

Abnormalities in biological cell nuclei morphology are correlated with cell cycle stages,
disease states, and various external stimuli. There have been many deep learning approaches
that have described nuclei segmentation and analysis of nuclear morphology. However, the
large variation in the shapes of nuclei used for each application means no solution can work
for all. Another problem with many deep learning methods is acquiring large amounts of
annotated nuclei data, which is generally expensive to obtain. In this Chapter, we propose
a system to segment abnormally shaped nuclei with a limited amount of training data. We
rst generate speci c shapes of synthetic nuclei ground truth. We randomly sample these
synthetic ground truth images into training sets to train several Mask R-CNNs. We design
an ensemble strategy to combine or fuse segmentation results from the Mask R-CNNs. We
also design an oval nuclei removal by StarDist to reduce the false positives and improve the
overall segmentation performance. Our experiments indicate that our method outperforms

other methods in segmenting abnormally shaped nuclei.

3.2 Introduction

Quantitative analysis of nuclei morphology is important for the understanding of cell ar-
chitecture. While most nuclei typically have an elliptical shape, deviations from this shape
can arise in certain stages of the cell cycle, due to external stress, or in certain disease states.
Some cell types also normally have non-elliptical nuclei (e.g. multi-lobed nuclei in neu-
trophils). Characterization of nuclei shapes therefore yields important information for many
applications such as determining cell cycle stage, measuring cellular response to environmen-
tal stimuli, indicating genetic instability, and cancer diagnostics 13]. Traditional analysis
of nuclei morphology requires manual assessment of a large number of microscopy images,
which is laborious and time-consuming. Hence, image-based automated nuclei segmentation
has been widely used to assist the researcher in the analysis of nuclei morphology.

Both traditional and deep learning image-based approaches have been used for auto-
mated nuclei segmentation. Traditional image segmentation methods such as Ot&é][and

Watershed [L7] usually require manual parameter tuning and re-parameterization for new
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cell types and datasets to achieve an adequate performant8. Deep learning is a rapidly
growing eld that has progressed quickly in the last decade. Neural networks have been
shown to be very e ective at multiple image processing tasks including nuclei segmentation
[24], [25]. However, these methods require large amounts of training data to achieve op-
timal performance while obtaining ground truth annotation of nuclei usually is laborious
and expensive. Therefore, data argumentation is a must for nuclei segmentation using deep
learning methods.

In this Chapter, we propose a system to obtain accurate segmentation masks with a
speci c type of abnormally shaped nuclei and a limited amount of ground truth images.
We rst generate a speci ¢ abnormal shape of synthetic nuclei ground truth images for
training using SpCycleGAN Bd], [104, [107]. The shapes of synthetic nuclei will represent
the special cases we encounter in our dataset. We train six di erent Mask R-CNN8&3]
based on sets of synthetic ground truth images and then fuse the outputs using a type of
non-maximum suppression with mask score averaging. We then use a pre-trained StarDist
to reduce the false positives to obtain the segmentation. Our method can be used for many
types of abnormally shaped nuclei by simply changing the shapes of the ground truth mask
generation. The proposed method outperforms several other methods for segmenting the

abnormally shaped nuclei on our evaluation dataset.

3.3 Related Work

3.3.1 Automated Nuclei Segmentation

Nuclei segmentation is a vital part of cell analysis in areas such as cell biology, drug
discovery, functional genomics, and pathologi5. Traditional computer vision segmenta-
tion methods such as Otsu[9], [10g, Watershedp(], [109, and active contours]1q, [11]]
have been used in automated nuclei segmentation. Otsid] is a threshold-based segmen-
tation method, it automatically selects the appropriate threshold by maximizing the vari-
ance between the object and the background. Watershetl/] treats an image as a terrain
in which nuclei correspond to valleys in a topographic landscape. Active contourp] is

an energy-based segmentation method to move deformable contours under the in uence of
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forces to minimize an energy function, and therefore locate the object boundaries. One ma-
jor challenge of traditional nuclei segmentation methods is that they usually require manual
parameter tuning and re-parameterization when segmenting nuclei with di erent staining,
scanner, lighting conditions, and magni cations}2].

With the latest progress in the convolutional neural network, deep learning based in-
stance segmentation methods dominate automated nuclei segmentation. Mask R-CRHI[
is an instance segmentation network developed on region based convolutional neural net-
works, it can provide object detection with the instance segmentation mask. In papety,
Mask R-CNN provides very good results for nuclei segmentation after training on anno-
tated nuclei ground truth images. Since a large number of annotated training images are
usually beyond the reach in biomedical applications, U-Né&ifl] was introduced to perform
instance segmentation in various biomedical problems with very few training data. Further-
more, methods like StarDistp7], [2], CellposeP 9], DeepSynthBd], 3D Centroidnet[107], and
NISNet3D[113 are specially designed for segmenting the nuclei on the microscopy images.
These methods have been developed for elliptical nuclei segmentation while approaches for

segmenting non-elliptical nuclei are lacking.

3.3.2 Synthetic Groundtruth Image Generation

Lacking ground truth labeled images is a common challenge of deep learning-based meth-
ods. One way to address this problem is by using data augmentation methods to create
more training samples. Traditional data augmentation methods utilize linear and non-linear
transformations including ipping, random cropping, color space transformations, and elas-
tic deformations @9, [49). However, these augmentation methods do not work well when
the training data is limited and cannot solve the data imbalance problem within the dataset.
With the development of Generative Adversarial Networks (GANS), generating synthetic
images from GANSs for data augmentation is widely used for various deep learning methods.
GANs have been used to generate synthetic CT scan images for training to improve the
classi cation of liver lesionsl14. An auxiliary classi er based on a GAN is used for data

augmentation of chest X-ray images for improving COVID-19 detectiori]. The SpCycle-
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Figure 3.1. The block diagram of the proposed abnormally shaped nuclei
segmentation system. The training system is at the top and the inferencing
system is at the bottom.
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GAN[3Q], [109, [107 is proposed to generate the synthetic microscopy images with spatial

constraints relative to the nuclei location.

3.3.3 Ensemble Methods

Ensemble methods, where outputs of several segmentation methods are combined or
fused, have proven to be useful in improving segmentation performantef]. They are
widely used in deep learning such as classi cation, regression, and segmentatioh/][ In
[119, [119, the stacking of di erent deep convolutional neural network architectures is used
to improve the performance of classi cation of cancer tumors and nuclei segmentation respec-
tively. Besides stacking, bagging is also a popular model ensemble method, which utilizes
multiple models consisting of the same algorithm or architecture to generate the nal result.

In [114, the results from multiple Mask R-CNNs are fused to segment the nuclei in di erent

focal planes to reconstruct the 3D nuclei volume.

3.4 Proposed Method

The block diagram of our proposed abnormally shaped nuclei segmentation system is
shown in Figure3.1. The system includes: (1) Synthetic groundtruth image generation for
training, (2) 6 Mask R-CNNs with di erent architectures and training sets, (3) Ensemble
fusion done by a modi ed version of Non-Maximum Suppression (NMS) with mask score
averaging, (4) Pre-trained StarDist nuclei segmentation, and (5) Nuclei segmentation mask
matching. The diagram shown on the left in Figure3.1is for the training parts of the system
corresponding to the SpCycleGAN and the Mask R-CNNs. The inferencing is shown on the
right in Figure 3.1 Note that StarDist is a pre-trained system.

Our goal is to locate a specic cell condition, which we are calling an unhealthy cell.
Unhealthy cells are cells dying due to external stimuli during experiments. We desire to
avoid uorescent labeling of the cell membrane. Additionally, some cells are out of focus
due to natural limitations in cell positioning in the imaging system, as well as limitations
in the microscope, which makes cell boundary segmentation challenging. For these reasons,

we choose to segment unhealthy cells' nuclei for counting and localization of unhealthy cells.
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@) (b) (©)

(d) (e) (f)

Figure 3.2. Unhealthy cell nuclei. The rst row is images of nuclei and the
second row is the segmentation masks. (a): an abnormally shaped nucleus
with additional bumps and protrusions and still retaining an overall elliptical
shape, (b): an abnormally shaped nucleus with a large variety in shape, (c):
a synthetic nuclei image generated by SpCycleGAN. (d) and (e): StarDist
segmentation masks of (a) and (b), respectively, (f): synthetic binary map
from which (c) is generated.
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Figure 3.3. The architecture of the SpCycleGANLOq.

Figures3.2aand 3.2bdemonstrate two cases of unhealthy cell nuclei. Figufe2ais a nucleus
that has irregular and small bumps on its surface which looks similar to a typical elliptical
nucleus and thus hard to segment. This speci c shape is caused by the cells that are stressed
and undergoing cell death, which will exhibit nuclei fragmentation and blebbing to look like
small circular nuclei pieces budding o . Figure3.2bis a nucleus that has an abnormal shape
rather than oval thus easy to segment. Our system is designed to accurately distinguish and

separate abnormally shaped nuclei from the typical elliptical nuclei through segmentation.

3.4.1 Synthetic Groundtruth Generation

Since a specic shape of abnormal nuclei is challenging to segment and ground truth
images for this speci ¢ shape of abnormal nuclei are hard to obtain, using SpCycleGAN,
we generate synthetic images with annotations and use them as the ground truth images
to add to our training dataset. The synthetic ground truth image generation consists of

synthetic binary map generation (used as an annotated segmentation mask), SpCycleGAN
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training, and inferences (left side of Figures.1). To generate the synthetic binary maps

of this speci ¢ shape of abnormal nuclei, we rst generate elliptical nuclei, then generate a
circular bump" on the generated nuclei, where the center of the circular bump is located on
the contour of nuclei. The sizes and the numbers of nuclei and bumps are randomly chosen
from ranges based on observing actual microscopy images. We add constraints to make sure
the generated nuclei are not overlapping. We denote these synthetic binary mapd &8, the
original microscopy images as°', and the generated synthetic microscopy images of nuclei
as| ",

SpCycleGANI[LO] is an extension of CycleGANI2( with spatial constraints added to
the loss function. CycleGAN combines two generators, whe@translates a binary segmen-
tation mask to a microscopy imagef is for reverse translation ofG, and two adversarial
discriminators D; and D, are learned to make the two domain translations indistinguishable.
SpCycleGAN adds one more networld for maintaining the spatial location betweenl ™
and F (G(1™)). The architecture of the SpCycleGAN is shown in Figur&.3, and the loss
function of SpCycleGAN is shown in Equatior3. L

L(G;F;H;D1;D2) = Loan (G;Dy;1™;1°7)
+Lean (F;Da; 107 1™M)
| (3.1)
+ 1|—cycle(G; F; I o”; I ma)
+ 2|—spatia|(G; H; I ori; I ma)
Here Lgan IS the adversarial loss, ; and , are the weight coe cients to control the

loss balance between the cycle consistency ldsgce and the spatial l0SSL spatia Proposed in

SpCycleGAN. The spatial 0S4 spaiial iS de ned in Equation 3.2

L spatial (G; H; 1°151™) = Eyma [fH(G(1™)) 1 ™j2] (3.2)

Herejj jj 2 isL, is the norm. The addition of the spatial loss is to ensure that the generated
microscopy image has the nuclei in the correct position according to the binary segmentation

map.
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Figure 3.4. The block diagram of Mask R-CNN from 23].

The SpCycleGAN is trained with unpaired real microscopy imagek®' and synthetic
binary segmentation mapd M2. It then generates synthetic microscopy images of nucle?"
corresponding to thel ™. Therefore,| Y can be used as annotated ground truth images for

training the abnormally shaped nuclei segmentation network.

3.4.2 Mask R-CNN Training

Mask R-CNN[23 is a two-stage instance segmentation network. The block diagram of
the Mask R-CNN is shown in Figure3.4. The rst stage of Mask R-CNN is to use a region
proposal network (RPN) to generate bounding boxes indicating the potential objects, or we
call them the regions of interest (ROIs). Then the second stage is used to classify and further
re ne the bounding box of the object, then provide the segmentation mask of the object inside
the detected bounding box. The architecture of the Mask R-CNN is the feature pyramid
network (FPN)[121]. FPN is designed to have lateral connections between each layer of the
bottom-up and top-down convolutional layers to provide the predictions at multiple levels
of the feature maps, thus maintaining strong semantically meaningful features at various
resolution scales. We used the synthetic ground truth nuclei images described above and a

small number of real ground truth images to train the 6 Mask R-CNNSs.
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3.4.3 Inference and Ensemble Processing

The generated synthetic abnormally shaped nuclei images do not perfectly represent the
type of structures seen in real images. Since we only have a limited number of ground truth
real images, training the Mask R-CNN with a large portion of synthetic images may cause
the Mask R-CNN to learn the errors in the synthetic images. To reduce this, we randomly
split the synthetic ground truth images into di erent sets and combined them with the real
images to create multiple training datasets for each of the 6 Mask R-CNNs. We then combine
(or fuse) the outputs of the 6 Mask R-CNNs. To fuse the output from each Mask R-CNN,
we use a modi ed version of Non-Maximum Suppression (NMS)37 with con dence score
averaging to combine the segmentations from the individual Mask R-CNNs. We haé
Mask R-CNNs, and the i th Mask R-CNN's output is denoted asDet! = fSeg; Prold'g,
where Seg" is a segmentation mask andProlf' is its corresponding con dence score) is
the number of a detected nucleus andd f 1;::;; Mg. Our goal is to generate a re ned nal
segmentationD et" based orD et!'. First, we nd the Intersection over the Union (loU) of the
segmentation masks from each Mask R-CNBeg". We then use Non-Maximum Suppression
with a threshold of to construct the nal segmentation maskSeg". Unlike the original
NMS which uses the highest con dence score to nd the nal con dence score of the mask,
we use the average con dence score to nd the nal con dence scoferob’. This ensures
each Mask R-CNN's output contributes to the nal segmentation. Equation3.3 shows our

modi ed NMS with mask score averaging.

Seg" = NMS (Seg’; )

Prob' = vy Prol’

i=0

WhereNMS (; ) is the Non-Maximum Suppression algorithm1[2Z with threshold loU=
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Figure 3.5. The block diagram of oval nuclei removal by StarDist.
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3.4.4 Oval Nuclei Removal

Since the challenging cases are very similar to typical elliptical nuclei if the bump is
small, the existence of the false positive instances on the segmentation map still limits the
performance. To resolve this issue without labeling more accurate data, we design an oval
nuclei removal process using a pre-trained StarDist.

StarDist[28] is designed for segmenting nuclei, it uses a star-convex polygon to localize
cell nuclei. During our experiments, we found that StarDist performs well for segmenting
typical elliptical nuclei, but it tends to over-segment nuclei into multiple instances, Figures
3.2d and 3.2edemonstrate this.

With StarDist's characteristic of over-segmenting abnormally shaped nuclei, we use this
characteristic as an indicator to remove typical oval nuclei from the results of the ensemble
processing to reduce false positives. The block diagram of oval nuclei removal by StarDist is
shown in Figure3.5. We rst count each closed contour from the StarDist segmentation as
one mask then calculate the l1oU between this mask and the results of the ensemble processing
(Equation 3.4).

_ Con"\ Seg™

loU = ————
© Con"[ Segm

(3.4)

where Con" is the mask ofn  th closed contour from StarDist,Seg™ is the mask of
m th abnormally shaped nucleus from the ensemble processing.

If the loU betweenCon" and Seg™ exceeds the threshold, then these two masks will
be considered as covering the same nucleus (loU Matching). Or@en" contains only one
segmented nucleus, the matche8eg™ will be considered as an oval nucleus (false positive)

and removed from the nal segmentation.

3.5 Experiments

3.5.1 Dataset

We manually annotated nuclei from 50 uorescence microscopy images (Figwre). All

the cells are CHO-K1 cells stained with "Hoechst 33342 stain". The images were captured
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at 200ms exposure with a DAPI Iter cube on the microscope. The size of each image is
2758 2208 pixels. The dataset is divided into 30, 5, and 15 images for training, validation,
and testing. We manually selected 5 images with high nuclei density from the training
dataset and randomly cropped 200 256256 image patches for training the SpCycleGAN. We
generated 200 256256 synthetic ground truth binary maps along with 200 real image patches
to form the unpaired training set to train a SpCycleGAN. The SpCycleGAN generated 600
synthetic nuclei ground truth images based on 600 randomly generated binary masks. The
images are randomly split into 3 sets evenly and combined with the same 30 real training

images to form 3 training sets.

3.5.2 Experimental Setup

The 3 training sets are used for training 3 Mask R-CNNs with ResNet-50 and 3 Mask R-
CNNs with RestNet-101]23 architectures each. Each Mask R-CNN is trained on an Nvidia
TITAN RTX GPU with a batch size of 16 and a base learning rate of2:5e # for 25000
iterations. The loU threshold for nuclei segmentation is set to 0.7. The IoU threshold for
NMS for the ensemble processing is set to= 0:5. The pre-trained model for StarDistRg
is "2D_versatile_ uo" and the loU matching threshold for oval nuclei removal is set to

=0:75

3.5.3 Evaluation Metrics

We use the common metrics of precision, and recall to evaluate and compare the segmen-
tation methods. A segmentation mask is considered as a true positive (TP) if the ground
truth mask and it have an Intersection over Union (loU) score greater than a given threshold.

If a segmentation mask does not have an IoU score greater than a given threshold with any
ground truth mask, it will be considered as a false positive (FP). A ground truth mask not
being segmented will be considered as a false negative (FN). Precision and recall is de ned

f o — _ TP — TP
asPrecision = = =5 and Recall = =
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