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Until recently, the scientific community has lacked image segmentation tools that are precise,
reliable, and general-purpose. Such tools are especially needed in applications to bacterial
image cytometry, wherein single-pixel precision is needed, perfect segmentation must be
achieved over thousands of cells over hundreds of time points, and the approach must be
applicable to a diversity of cellular morphologies present in a single micrograph. In this
document, I detail the challenges of bacterial image segmentation, the failures of prior ap-
proaches, and the use of machine learning to solve this problem in virtually any unilaminar

cell imaging context.
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A22

A. baylyi

A. thaliana

aztreonam

B. subtilis

B. thailandensis

C. crescentus

C. elegans

GLOSSARY

A cell-permeable isothiourea compound that specifi-
cally, rapidly, and reversibly perturbs MreB function
without affecting eukaryotic actin polymerization. It af-
fects the growth and morphology of C. crescentus, con-
verts rod-shaped E. coli to round cells, and blocks DNA
segregation without affecting DNA replication [!].

Acinetobacter baylyi. A nonmotile, gram negative coc-
cobacillus that grows under aerobic conditions.

Arabidopsis thaliana. A small plant from the mustard
family (Brassicaceae), native to Eurasia and Africa,
commonly found along the shoulders of roads and in
disturbed land.

An antibiotic used primarily to treat infections caused
by gram-negative bacteria.

Bacillus subtilis. A bacterium found in soil and the
gastrointestinal tract of ruminants and humans, often
used in biotechnology.

Burkholderia thailandensis. A Gram-negative, rod-
shaped bacterium that naturally occurs in soil. It is
closely related to Burkholderia pseudomallei, but unlike
B. pseudomaller, it only rarely causes disease in humans
or animals.

Caulobacter crescentus. A Gram-negative, oligotrophic
bacterium widely distributed in fresh water lakes and
streams.

Caenorhabditis elegans. A nematode that is a model
organism in biology, known for its transparent skin and
the simplicity of its nervous system.
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cephalexin

consensus image

DNN

E. coli

F. tularensis subsp nowvi-

cida

GUI

H. pylori

kymograph

lineage tree

A beta-lactam antibiotic within the class of first-
generation cephalosporins. It kills gram-positive and
some gram-negative bacteria by disrupting the growth
of the bacterial cell wall.

An image created by registering and averaging signal
from populations of cells at the same stage in their life
cycle. This is done to improve the signal-to-noise ratio
and reveal patterns in living cells.

Deep Neural Network. A type of neural network with
many layers. A universal function approximator.

FEscherichia coli. A common bacterium found in the gut
of warm-blooded organisms, with some strains causing
illnesses.

Francisella tularensis subsp novicida. A subspecies of
Francisella tularensis that is highly virulent in mice but
has little to no effect on humans.

Graphical User Interface. A type of interface that al-
lows users to interact with a program using graphical
elements such as windows, buttons, and menus.

Helicobacter pylori. A bacterium that can cause stom-
ach ulcers and is often found in the stomach.

A type of image that is created by taking a line of pixels
from each frame of a video and stacking them on top of
each other.

A tree that shows the lineage of a cell. In biology, this
is often used to show the lineage of a cell from its parent
cell to its daughter cells.
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modality

P. aeruginosa

photobleaching

S. aureus

S. flexneri

S. proteamaculans

S. pristinaespiralis

U-Net

V. cholerae

Modality refers to the type of imaging technique used
to acquire the image data, such as phase contrast, DIC,
and epifluorescnece, among many others.

Pseudomonas aeruginosa. A bacterium that can cause
disease in plants and animals, including humans, and is
known for its antibiotic resistance.

The loss of fluorescence signal due to the excitation of
fluorophores.

Staphylococcus aureus. A bacterium that can cause var-
ious infections, often found on the skin and in the res-
piratory tract.

Shigella flexneri. A species of Gram-negative bacteria
in the genus Shigella that can cause diarrhea in humans.

Serratia proteamaculans. A Gram-negative, faculta-
tively anaerobic, rod-shaped bacterium.

Streptomyces pristinaespiralis. A bacterium known for
its role in the biosynthesis of pristinamycin, a clinically
important antibiotic.

A type of neural network architecture that is commonly
used for image segmentation. It is composed of a con-
tracting path and an expansive path. The contract-
ing path is composed of convolutional layers and max
pooling layers, and the expansive path is composed of
convolutional layers and upsampling layers. Skip con-
nections are used to connect the contracting path to the
expansive path.

Vibrio cholerae. A bacterium that causes cholera, a
severe diarrheal disease, often found in contaminated
water.
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Chapter 1

INTRODUCTION

Although light microscopy is a valuable tool for characterizing cellular and sub-cellular
structures and dynamics, quantitative analysis of microscopy images remains a persistent
challenge [?]. This is especially pertinent to the study of bacteria, many of which have di-
mensions in the range of visible wavelengths. Thus, a typical bacterial cell body is composed
of a small number of pixels (~100-300 px? for £. coli in typical experiments). At this scale,
accurate subcellular localization requires defining the cell boundary with single-pixel preci-
sion. The process of defining boundaries within images is termed segmentation, and this is

a critical first step in image analysis pipelines [3,].

1.1 Strategies for encoding image segmentation

Depending on the level of detail needed to represent segmented objects, we may choose

from three modes of segmentation: semantic, instance, and affinity (Fig. 1.1).

1.1.1 Semantic labels

The lowest-information approach to image segmentation is called semantic segmentation,
which sorts pixels into semantic classes. This is often just two classes, i.e., binary classifica-
tion into foreground and background. In this context, foreground is cell and background is

media. Binary segmentation results are stored as a binary image.

Semantic segmentation does not discern between adjacent instances of foreground objects
(Fig. 1.1b). Accordingly, only boundaries between foreground and background are encoded

by binary semantic labels.



Connections
|
345678

Figure 1.1: Three distinct classes of segmentation encoding. (a) Typical phase contrast
image of E. coli cells. (b) Semantic segmentaion. (c) Instance segmentation. (d) Affinity
segmentation.

We store a semantic segmentation as a binary image file with the same dimensions as the

image itself, with foreground pixels labeled True (1) and background False (0).

1.1.2 Instance labels

Instance segmentation assigns a unique integer to the pixels each instance of an object - in
this case, each cell (Fig. 1.1¢). These labels, also commonly referred to as a label matriz, is
likewise stored as an image file, typically uint8 (unsigned 8-bit integer) for up to 255 (28 —1)
labels or uint16 (unsigned 16-bit integer) for up to 65535 (26 — 1) labels.”

Instance labels implicitly define cell boundaries between instances. These boundaries can
be computed by comparing adjacent pixels. Pixel pairs with dissimilar labels are considered
boundary pixels. To obtain a 2-connected boundary, pairs in the cardinal and ordinal direc-
tions are considered. To obtain a 1-connected boundary, only pairs in cardinal directions are

considered.

*Signed and/or unsigned 32- or 64-bit formats may also be used, but some operating systems may not be
able to preview these files in their native file managers



Instance labels are easy to visualize, edit, and store. An instance label matrix is an 8- or
16-bit image of the same dimensions as the source image.” Instance labels are visualized as
distinct color overlays or boundary overlays (or a combination thereof), and multidimensional

image viewers like Napari can be used to directly modify labels in these visual modes [7].

1.1.3  Affinity graphs

Despite the convenience and general applicability of instance labels, they cannot be used to
completely describe all cells. Specifically, a label matrix for an object exhibiting self-contact
morphology has no means of encoding the boundaries of that at the points of self-contact

(Fig. 1.2).

However, an affinity graph does encode this information. By storing pairwise connectivity
for all adjacent pixels, the affinity graph (also known as an adjacency list) implicitly stores
internal pixels (fully connected) and boundary pixels (not fully connected) (Fig. 1.1d). This
graph can be stored as a 2D array, with each column representing the connections of a given
pixel (a graph node) and each row representing connectivity to an adjacent neighbor in a

given direction (a graph edge).'

The affinity graph has more information than just identifying cells and their boundaries; by
using a right- (or left-) hand rule, the boundaries can be traversed/parametrized (Fig. 1.3d).
This alone is useful for analyzing membrane-bound signal, but in principle, the affinity graph
can be used to fully define an internal coordinate system and a coordinate transform to a

standard cell shape. This key operation, required to synthesize position-dependent signal

*Images with shape (C,Y,X), where C is the channel axis, would have an instance label image of shape (Y,X).

TPixels (or in ND, hypervoxels) may be classified as interior or boundary by their net connectivity. An ND
hypervoxel connected to all 3V — 1 neighbors is classified as internal (8 in 2D, fully 2-connected to both
cardinal and ordinal neighbors). Hypervoxels with fewer than 3" — 1 connections are classified as boundary.

iThe affinity graph is thus of shape (m,3" — 1) where m is the number of hypervoxels. This is at worst
equivalent to 3V — 1 binary matrices the same size as the source image, but can be made more efficient by
storing only foreground pixels as nodes in the graph.



collected from populations of cells, has not yet been implemented for cells with arbitrary

topologies.

Although not all segmentation algorithms can be made to output affinity graphs in addition

to instance labels, Omnipose can. This is the subject of Chapter 4.

@

=
b

VYo

Figure 1.2: Instance labels fail to describe self-contact topology. (a) Phase contrast image
of elongaed E. coli cell grown on 1pgmL~! aztreonam. (b) Cell mask is a uniform label
across self contact points. (¢) Boundaries cannot be detected at points of self-contact.

1.2 Strategies for achieving image segmentation

Cell segmentation is a complex problem that extends beyond microbiological research, and
so many solutions are currently available in image analysis programs [(—21]. Most of these
solutions use traditional image processing techniques applied to raw images or DNN (deep
neural network) transformations of images to obtain binary semantic labeks that are then

converted to instance labels.
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Figure 1.3: Affinity graphs encode rich topological information. (a) Affinity graph for
cell in FFig. 1.2a. Color indicates the number of connections to adjacent pixels. Connection
between pixels (affinity=1) indicated by white line. (b) Boundary map extracted from the
affinity graph. (c) Parametrized cell contour. Color indicates direction along boundary.

1.2.1 Semantic islands to instance labels

Semantic segmentation can be converted into instance segmentation, and this forms the

basis of many instance segmentation pipelines. The general steps are:

1. Pre-process image: traditional filtering/blurring/feature extraction or DNN transfor-

mation of raw data.

2. Threshold processed image: adaptive techniques are usually used on the pre-processed
image to ensure that the majority of objects pixels are identified despite variations
within an image and among images in a dataset. Importantly, object boundaries must
not be identified as foreground. This allows each object to be associated with a unique

island of foreground pixels.



3. Identify unique blobs using connected components labeling. This is the process of
building an affinity graph, where pixels are nodes and edges are formed between any
adjacent foreground pixels. Adjacency can be defined most narrowly by sharing edges
(1-connected in Python, 4-connected in MATLAB) or more broadly by sharing either
edges or vertices (2-connected in Python, 8-connected in MATLAB). The graph is then

traversed to find all connected components of the graph.

Step (3) is especially problematic, as it requires large gaps between foreground islands to

guarantee that cells are not joined together (Fig. 1.4). This poses a challenge to extracting

accurate cell size, shape, and signal localized or measured relative to the cell boundary.

v e

1-connected

2-connected

cutoff = 4 cutoff =5 cutoff = 6

Figure 1.4: Boundaries are often lost by traditional segmentation. By simulating the
amount of foreground pixels detected by filtering+thresholding, we see that it is impossible
to distinguish between the two cells until much of the boundary is lost, particularly when
using 2-connectivity. Pixel connectivity do neighbors represented by white lines.



Missing boundary pixels also frequently arise when applying the watershed transform. As
usually implemented, this ubiquitous operation returns a semantic classification of an image
into watershed lines (cell boundaries) and catchment basins (cell interiors). This means
that distinct basins must be separated by a 1- or 2-connected watershed line, and therefore

boundary pixels are always left unclassified.”

SuperSegger was developed to address thresholding and watershed issues specifically in
bacterial phase contrast images [10]. This program utilizes traditional image filtering tech-
niques to generate candidate watershed lines and a shallow neural network to reject spurious
lines that would lead to over-segmentation. However, missing boundary pixels remain a

fundamental limiation of this watershed-based approach.

1.2.2  The promise of deep neural networks

Deep neural networks (DNNs) are now widely recognized as superior tools for cell seg-
mentation [25]. Unlike traditional image processing, machine learning approaches such as
DNNSs require training on a ground-truth dataset of cells and corresponding labels. Trained
DNNs are thus limited in applicability to images that are representative of those in the
training dataset. Early DNN approaches were based on the Mask R-CNN architecture [21],
whereas more recent algorithms such as StarDist, Cellpose, and MiSiC are based on the

U-Net architecture [, 12,23].

Pachitariu and colleagues showed that Cellpose outperforms Mask R-CNN and StarDist
on a variety of cell types and cell-like objects, distinguishing it as a general solution for cell
segmentation [J]. Notably, the representation of bacteria in their study was limited. MiSiC

was developed as a general DNN-based solution for bacterial segmentation; however, the

*There are implementations that allow users to return instance labels without the gaps let by watershed lines
(e.g., skimage.segmentation.watershed()), but such implementations are not widely adopted. Despite

this fix, watershed also tends to over-segment images (even when transformed by traditional filters or
DNNS).



authors of MiSiC did not provide comparisons to other DNN algorithms [12]. In Chapter 2,

we evaluate the performance of state-of-the-art cell segmentation algorithms on a diverse

collection of bacterial cells.

1.2.8 Mask reconstruction

DNNs do not directly predict instance labels. This is fundamentally because instance
labels are effectively random numerical labels, but a neural network can only learn to ap-
proximate well-defined (non-random) numbers. Additionally, neural networks always predict
smoothed /interpolated output relative to the training data, particularly at cell edges. This
is not suitable for instance labels, which must be contiguous and integer-valued over the

entire extent of the cell.

In all cases, DNNs are trained to predict some kind of image transformation that is
amenable to processing into semantic, instance, or affinity segmentation. In Chapter 2

-

I outline the various network outputs and mask reconstruction strategies.

1.3 The challenge of morphology

In addition to their small size, bacteria adopt a wide range of morphologies. Although

many commonly studied bacteria are well-approximated by rods or spheres, there is growing

interest in bacteria with more elaborate shapes [20]. Some examples include Streptomyc-
etales, which form long filamentous and branched structures [27], and Caulobacterales, which
possess extended appendages distinct from their cytoplasm [2%]. Furthermore, microfluidic

devices are allowing researchers to capture the responses of bacteria to assorted treatments
such as antibiotics, which often result in highly irregular morphologies [29]. Whether native
or induced, atypical cell morphologies present a distinct problem at the cell segmentation
phase of image analysis [0, 7]. This is compounded when such cells are present with those

adopting other morphologies, as is the case in many natural samples of interest [30].



Although some algorithms referenced thus far can be trained or otherwise fine-tuned on
varied morphologies, we found that none of them constituted a generalizable solution for
segmenting bacterial cells of assorted size and shape. This motivated the design of a new al-
gorithm, Omnipose, that significantly outperforms all previous cell segmentation algorithms

across a wide range of bacterial cell sizes, morphologies, and optical characteristics.
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Chapter 2

PRIOR WORK

Numerous image segmentation algorithms have been developed, and the performance of
many of these on bacterial cells is documented [2]. These broadly fall into three cate-
gories: (i) traditional image processing approaches (e.g., thresholding, watershed), (ii) tradi-
tional /machine learning hybrid approaches, and (iii) deep neural network (DNN) approaches.
Given the goal of developing software with the capacity to recognize bacteria universally, I
sought to identify strongly performing algorithms for further development. An unbiased,
quantitative comparison of cell segmentation algorithms on bacterial cells had not yet been
performed; thus, I selected one or more representatives from each category for this anal-
ysis: (i) Morphometrics [20], (ii) SuperSegger [10], (iii) Mask R-CNN [21], StarDist [23],
MiSiC [12], and Cellpose [J].

2.1 Rationale behind the selection of segmentation algorithms

Three main factors contributed to the choice of algorithms highlighted here: (i) speci-
ficity to bacterial phase contrast images, (ii) success and community adoption, especially for
bioimage segmentation, and (iii) feasibility of installation, training, and use. It is important
to note that criterion (i) only influenced the choice of non-DNN algorithms because they
are generally modality-; scale-, and subject-specific in their design. DNN approaches can
generally be trained on arbitrary sets of images. With the exception of MiSiC, none of the
DNN-based approaches we chose were specifically designed for (or substantively trained on)

bacterial phase contrast images.

SuperSegger, Morphometrics, and MiSiC were selected because they specifically targeted
the problem of bacterial phase contrast segmentation [10, 12 20]. Other bacteria-focused

packages do exist, such as BactMAP, BacStalk, Cellprofiler, CellShape, ColiCoords, Cy-
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tokit, MicroAnalyzer, MicrobeJ, Oufti, and Schnitzcells. However, these incorporate limited
novel segmentation solutions and instead aim to provide tools for single-cell analysis such as
lineage tracing and protein tracking [0,7, 11, 15—17,22 31-33] Furthermore, the segmentation
that these programs perform depends broadly on thresholding and watershed techniques;
therefore, Morphometrics is a reasonable proxy for their segmentation capabilities. We were
unable to locate code or training data for BASCA at the time of writing [¢]. Ilastik is a
popular interactive machine-learning tool for bioimage segmentation, but training it using a

manual interface was not feasible on a large and diverse dataset such as our own [13].

Among DNN approaches, Mask R-CNN was selected because it is a popular architecture for
handling typical image segmentation tasks. It was also used in the segmentation and tracking
package Usiigaci [21]. U-Net architectures have been implemented in a number of algorithms,
including DeLTA, PlantSeg, MiSiC, StarDist, and Cellpose [9, 12, 11,19,23]. DeLTA was not
included in this study because it operates similarly to MiSiC and was designed specifically
for mother machine microfluidics analysis. DeLLTA 2.0 was recently released to additionally
segment confluent cell growth on agarose pads, but it remains quite similar to MiSiC in
implementation [31]. PlantSeg could, in principle, be trained on bacterial micrographs, but
we determined that its edge-focused design meant to segment bright plant cell wall features

would not offer any advancements over the remaining [/-Net methods that we tested.

2.2 Acquisition and annotation of ground-truth data

For training and benchmarking these algorithms, we acquired micrographs of assorted
bacterial species representing diverse morphologies and optical characteristics. Many studies
of bacteria involve mutations or treatments that cause extreme morphologies. To capture
this additional diversity, we included wild-type and mutant bacteria grown in the presence of
two beta-lactam antibiotics, cephalexin and aztreonam, and A22, which targets MreB [35].
Finally, based on general interest in microbial communities, we acquired images of mixtures

of bacteria which display distinct morphologies and optical characteristics. In total, we
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collected 4833 images constituting approximately 700,900 individual cells deriving from 14
species (Table 2.1). Next, we developed a streamlined approach for manual cell annotation
and applied it to these images (Chapter 7), yielding 47,000 representative annotated cells
that serve as our ground-truth dataset (bact_phase). We divided this data into a 27,500-cell
training set and a 19,500-cell benchmarking set. Relevant cellular metrics (area, perime-
ter, mean diameter) did not differ substantially between the groups, confirming that the

benchmarking set faithfully represents the training set (Iig. 2.1).

2.3 'Training and tuning segmentation algorithms

All segmentation algorithms have tunable parameters to optimize performance on a given
dataset. These include pre-processing such as image rescaling (often to put cells into a par-
ticular pixel diameter range), contrast adjustment, smoothing, and noise addition. Morpho-
metrics and SuperSegger were manually tuned to give the best results on our benchmarking
dataset. The neural network component of SuperSegger was not retrained on our data, as
this is a heavily manual process involving toggling watershed lines on numerous segmen-
tation examples. DNN-based algorithms are automatically trained using our dataset, and
the scripts we used to do so are available in our GitHub repository. We adapted our data
for MiSiC by transforming our instance labels into interior and boundary masks. Training
documentation for MiSiC is not published. Training and evaluation parameters for MiSiC
were tuned according to correspondence with the MiSiC authors. Cellpose and StarDist
were trained with the default parameters provided in their documentation. StarDist has
an additional tool to optimize image pre-processing parameters on our dataset, which we

utilized.

To facilitate direct comparison of the algorithms, we first optimized their performance
against our data. For the DNN approaches, each algorithm was trained on our dataset using

developer-recommended parameters. Morphometrics and SuperSegger cannot be automat-
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Table 2.1: Strains in BPCIS dataset

Species

Strain

Image
count

Cell
count

Cells in
ground
truth

Percent
of ground
truth

Notes

E. coli

DHb5a

1378

98200

9719

20.5

Dense microcolonies grown on minimal media. Thin
phenotype. ITPG-induced GFP cytosol marker. Time
lapse. Imaged by the Wiggins lab.

141

4536

4390

9.3

Dense microcolonies on LB. Time lapse. Imaged by the
Wiggins lab.

2

2277

Treatment with cephalexin. Tn7::GFP. Imaged by the
Mougous lab.

CS703-1 [30]

80

23169

1284

2.7

Mutant grown on LB and aztreonam. Elongated and
branching phenotypes. Time lapse. Imaged by the
Mougous lab.

S. flexneri

M90T

117

256618

1411

Treatment with A22. Tn7::GFP. Frames selected from
time lapse after 1hr growth. Imaged by the Mougous
lab.

4482

4315

9.1

Treatment with cephalexin. Tn7:GFP. Frames selected
from time lapse after lhr growth. Imaged by the
Mougous lab.

F. tularensis subsp

novicida

U112

20166

496

1.1

Small and extremely low-contrast cells. Tn7:GFP. Im-
aged by the Mougous lab.

A. baylyi

ADP1 [37]

2169

60601

3332

Deletion of essential gene murA. Rounded phenotype.
Time lapse. Imaged by the Wiggins lab.

241

1313

1107

2.3

Deletion of essential gene ftsN. Filamentous phenotype.
Time lapse. Imaged by the Wiggins lab.

540

10013

2220

4.7

Deletion of essential gene dnaA. Filamentous phenotype.
Time lapse. Imaged by the Wiggins lab.

B. thailandensis

E264 [35]

30

62005

5119

Selected panels from a self-intoxication experiment.
Cells exhibit internal structure and low contrast in mi-
crocolonies. Tn7:GFP. Time lapse. Imaged by the
Mougous lab.

H. pylori

LHS100 [1]

15

13014

Helical phenotype. Grown, fixed, and stained with Alex-
aflour 488 in the lab of Nina Salama. Imaged by the
Mougous lab.

19

1668

692

1.5

Treated with aztreonam. Filamentous, helical pheno-
type. Grown, fixed, and stained with Alexaflour 488 in
the lab of Nina Salama. Imaged by the Mougous lab.

C. crescentus

NA1000 [10]

1787

753

1.6

Grown in HIGG media to induce stalk phenotype. Cul-
tivation and imaging done in the lab of Yves Brun.

S. pristinaespiralis

NRRL 2958

17

2339

754

1.6

Grown on rich media to induce filamentous phenotype.
Imaged by the Mougous lab.

V. cholerae

A1552 |

]

2627

2262

4.8

Cells have short but curved morphology and form dense,
low-contrast microcolonies. Tn7:GFP. Obtained from
the lab of Fitnat Yildiz. Imaged in the Mougous lab.

S. proteamaculans
E. coli

568
DHb5«

43

100146

1241

2.6

1:1 mixture. S.p. labelled via Tn7:GFP, E. coli unla-
beled. Time lapse. Imaged in the Mougous lab.

P. aeruginosa

S. aureus

PAOI |
USA300

]

2662

3684

7.8

1:1 mixture. P. aeruginosa labelled via Tn7::GFP, S.
aureus unlabeled. Imaged in the Mougous lab.

P. aeruginosa
S. aureus

V. cholerac

B. subtilis

PAO1
USA300
A1552
HM1350

21

33281

4664

9.8

1:1:1:1 mixture. P. aeruginosa and V. cholerae labelled
via Tn7::GFP, S. aureus and B. subtilis labelled with
red membrane dye. Imaged in the Mougous lab.

4833

700,904

47,443

100
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Figure 2.1: Size and morphology metrics are indistinguishable between cell populations
included in training and test datasets. (a) Mean cell diameter, (b) cell area, and (c) cell
perimeter calculated for our bacterial phase contrast ground truth dataset. P-values are
displayed for the two-sided KS test. n = 47,000 (27,500 for training, 19,500 for testing).
(d). Comparison of diameter metrics of a timelapse of elongated cell growth. The Cellpose
diameter metric is the diameter of a circle with equivalent area. Omnipose diameter metric
is proportional to the mean of the distance transform (Chapter 7). (e) Bacteria displayed
are a single population analyzed of A. bayly: transformed with a AftsN :: kan PCR fragment.
Yellow lines indicate cell label boundaries. Scale bar, 1 pm.
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ically optimized using ground-truth data; therefore, we manually identified settings that

optimized the performance of these algorithms against our dataset (Chapter 7).

2.4 Quantifying segmentation performance

As a quantitative measure for algorithm performance, we compared their average Jaccard
Index (JI) as a function of intersection over union (IoU) threshold (Fig. 2.2a) [13,11]. IoU
values lie between zero and one, with values greater than 0.8 marking the point at which
masks become indistinguishable from ground truth by the expert human eye (Fig. 2.3) [13].
This analysis showed that DNN-based approaches significantly outperform other algorithms.
However, substantial differences in performance within the DNN group were observed; Cell-
pose and StarDist outperform Mask R-CNN and MiSiC at high IoU thresholds. The perfor-
mance of all algorithms varied greatly across images in the bact_phasedataset, with much
of this variability delineated by cell type and morphology categories (Fig. 2.2b-g). Whereas

all other algorithms exhibited visible segmentation errors in two of the three cell categories

we defined, errors by Cellpose were only apparent in elongated cells (Fig. 2.2h-j).

All algorithms were evaluated on our benchmarking dataset with manually or automati-
cally optimized parameters. We provide both the raw segmentation results for all test images
by each tested algorithm as well as the models and model-training scripts required to re-
produce our results. Before evaluating IoU or JI, small masks at image boundaries were
removed for both the ground-truth and predicted masks. IoU and JI are calculated on a
per-image basis and, where shown, are averaged with equal weighting over the image set or

field of view.

Our new metric, the number of segmentation errors per cell, was calculated by first measur-
ing the fraction of each predicted cell that overlaps with each ground truth cell. A predicted
cell is assigned to a ground-truth cell if the overlap ratio is > 0.75, meaning that at least

three quarters of the predicted cell lies within the ground-truth cell. If several predicted
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Figure 2.2: Quantitative comparison of segmentation methods distinguishes Cellpose as a
high performing algorithm. (a-g) Comparison of segmentation algorithm performance on our
bact_phase test dataset (n = 19,538 cells). (a) Overall performance measured by Jaccard
Index (JI). The JI was calculated at the image level and values averaged across the dataset
are displayed. (b-g) Algorithm performance partitioned by cell type (Simple, n = 12,869;
Abx/mutant, n = 6,138; Elongated, n = 531). Images were sorted into types as defined
in Supplemental Table 1 (Abx, antibiotic). Boxes centered on medians from Q1 to Q3,
whiskers from Q1 — 1.5IQR to Q3 + 1.5IQR, IQR the inter-quartile range Q3 — Q1. (h-j)
Representative micrographs of cell type partitions analyzed in B-G, indicated by vertical
bars at right. Ground-truth masks and predicted mask outlines generated by the indicated
algorithm are displayed. Mean matched IoU values for cells shown are displayed within
each micrograph. Bacteria displayed are (h) V. cholerae, P. aeruginosa, B. subtilis, 5.
aureus, (i) aztreonam-treated 2. coli CS7T03-1, and (j) 5. pristinacspiralis. All images scaled
equivalently. Scale bar, 1pm.
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Figure 2.3: The relationship between IoU and segmentation accuracy. (a) Illustration of
0-12 pixel displacement of cell mask (red outline) and corresponding IoU values using a
synthetic cell of typical bacterial size and resolution (solid black). (b) Quantification of the
impact of mask shift on IoU values, determined using the synthetic cell shown in (a).

cells are matched to a ground-truth cell, the number of surplus matches is taken to be the
number of segmentation errors. If no cells are matched to a ground-truth cell, then the error

is taken to be 1.

2.5 DMotivation for a new DNN-based segmentation algorithm

Our comparison revealed that Cellpose offers superior performance relative to the other
segmentation algorithms we analyzed, and for this reason, we selected this algorithm for
further development. Notably, even at the high performance levels of Cellpose, only 81%
of predictions on our benchmarking dataset are above 0.8 IoU. This limits the feasibility of
highly quantitative studies such as those involving subcellular protein localization or cell-cell

Interactions.

Cellpose utilizes two-step process. Its neural network first transforms an input image into
several intermediate outputs, including a scalar probability field for identifying cell pixels in
the next step (Fig. 2.4i-ii1) [9]. Cellpose is unique among DNN algorithms by the addition of
a vector field output (the flow field), which is defined by the normalized gradient of a heat
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distribution from the median cell pixel coordinate (Iig. 2.4a). In the second step, this vector
field directs pixels toward a global cell center via Euler integration, thereby segmenting cells
based on the points at which pixels coalesce Fig. 2.4b). In contrast to other algorithms, this
approach for reconstructing cell masks is size- and morphology-independent, insofar as the

cell center can be correctly defined.
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Figure 2.4: Details of the Cellpose algorithm. (a) Stages of the Cellpose training pipeline.
Ground truth masks (i) are converted to cell probability (ii) by binary thresholding and a
heat distribution (iii) by simulated diffusion from the median pixel coordinate. The flow
field (iv) is defined by the normalized gradient of (iii). Color-magnitude representations
of this vector field follow the flow legend diagram. The phase, cell probability, and flow
fields are used to train the network. (b) Stages of the cellpose prediction pipeline. Phase
images are processed by the trained cellpose network into the intermediate flow field and cell
probability outputs (i-ii). A binary threshold is applied to the probability to identify cell
pixels (iii). Pixels are Euler-integrated under the flow field until they converge at common
points. Boundary pixel trajectories are depicted in iv. Each pixel is assigned a unique label
corresponding to the center to which it converged (v). This segmentation result is commonly
depicted in an outline view (vi). Bacteria shown are Escherichia coli. Scale bar 1pum.
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To understand the mechanisms behind Cellpose segmentation errors, we evaluated its per-
formance as a function of cell size on our bact_phasedataset. We compared cell area against
the number of segmentation errors, calculated as the number of redundant or missing masks
corresponding to each ground-truth cell mask. This revealed a strong correlation between
cell size and segmentation errors, with the top quartile of cells accounting for 83% of all
errors (Fig. 2.5a). To understand the source of these errors, we inspected the flow field
output of many poorly segmented cells across a variety of species and growth conditions.
This showed that elongated cells, an important morphology often seen in both wild-type and
mutant bacterial populations, are particularly susceptible to over-segmentation (I'ig. 2.5b).
We attribute this to the multiple sinks apparent in the corresponding flow fields. In the Cell-
pose mask reconstruction algorithm, pixels belonging to these cells are guided into multiple

centers per cell, fragmenting the cell into many separate masks.

We hypothesized that the defect in Cellpose flow field output is a consequence of two
distinct flow field types arising from our training dataset: those where the median pixel co-
ordinate, or center, lies within the cell (97.8%) and those where it lies outside the cell (2.2%).
In the latter, Cellpose projects the center point to the nearest boundary pixel, ultimately
leading to points of negative divergence on cell peripheries that are chaotically distributed
(Fig. 2.5¢-e). On the contrary, non-projected centers maintain a uniform field magnitude
along the entire boundary and adhere to the global symmetries of the cell (Fig. 2.6a,d). A
similar issue is also encountered in cells with centers that fall close to but not outside of
the boundary (Fig. 2.6b-d). Cells with a center point closer than 0.3 times the mean cell
diameter (a factor of 0.2 off-center) to the boundary account for an additional 9.6% of our
data. Neural networks can be exquisitely sensitive to the outliers in their training data [15];
therefore, we suspect that this small fraction of corrupt flow fields has significantly impacted

the performance of Cellpose.
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Figure 2.5: Cellpose over-segments extended, anisotropic cells. (a) Single-cell analysis of
Cellpose segmentation error as a function of cell area. Color represents density on a log
scale. Gray box represents the top quartile of cell areas (n=19,570). (b) Example images
representative of 1,128 cells with segmentation errors in the top area quartile (n=4,887).
Corresponding boundary pixel trajectories are shown in black and final pixel locations in
red. Predicted mask overlays are shown with mean matched IoU values. Cellpose model
bact_phase used in (a,b). (c¢) Analysis of stochastic center-to-boundary distances in our
ground-truth dataset. Distance from the center (median pixel coordinate) to each boundary
pixel is normalized to a maximum of 1. Position along the boundary is normalized from -1
to 1 and centered on the point closest to the median pixel. Center-to-boundary for the cell
n (d) is highlighted in black. (d) Representative cell with median coordinate outside the cell
body (black X). Cellpose projects this point to the global minima of this function (green dot),
but several other local minima exist (blue dots). (e) The heat distribution resulting from a
projected cell center (black arrow). The normalized gradient corresponds to the divergence
shown. (d-e) represent n= 617 cells with projected centers in the training dataset. Bacteria
displayed are (a,e) . pylori, (b) E. coli CS703-1, both treated with aztreonam, and (d) .
crescentus grown in HIGG media. Scale bar is 1 pm.
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Figure 2.6: Median coordinates used to generate Cellpose ground-truth flow fields are
asymmetrically localized for some bacterial cell morphologies. (a) Rod-shaped E. coli with
symmetric median coordinate. Symmetry of the center is reflected in A by equal high and
low points corresponding to the extremal points along the long and short axes of the cell.
(b) Curved B. subtilis with median coordinate asymmetrically close to the cell boundary.
This asymmetry is reflected in A by a secondary minimum above the global minimum corre-
sponding to the diametrically opposing point along the short axis of the cell. (c¢) Center-to-
boundary distance highlighted for cells A (black) and B (yellow) with non-projected median
coordinates. Dashed lines indicate the larger of the two minima along the medial axis.
(d) Flow fields generated by Cellpose for cells A and B. Scale bar is 1pum. Images scaled
equivalently.
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Chapter 3

OMNIPOSE

Having thoroughly understood the faults of existing approaches, we next sought to de-
velop a segmentation algorithm that operates independently of cell center identification (i.e.,
without any assumption of round morphology). The algorithm we developed is based on the
framework of Cellpose, which can be divided into five key components: file handling, neural
network architecture, training objective functions, network predictions, and mask reconstruc-
tion. We made improvements to each of these components; however, the major innovations
in our algorithm, which we named Omnipose, pertain to network predictions and mask

reconstruction.

3.1 Prediction classes

Unlike the cell probability and center-seeking flow field upon which Cellpose is constructed,
we built Omnipose on three distinct network outputs: a cell boundary probability map,’ the
distance field, and a flow field defined by the gradient of the distance field. The distance
field (or distance transform) describes the distance at any point Z in a bounded region {2
to the closest point on the boundary 0f2. Notably, this widely utilized construct is one of
the intermediate outputs of StarDist [23]. Whereas StarDist uses a distance field prediction
to seed and assemble star-convex polygons, Omnipose implements the distance field as a

replacement to the cell probability output of Cellopse.

The use of a distance field has several advantages. First, the distance field is more struc-

tured than a binary probability map and offers higher fidelity thresholding to seed cell masks.

tThis output is optional, and has since been retired in more recent versions of Omnipose. It was useful only

as a means to improve predictions of distance and flow at cell boundaries. Our reasoning was that the
network is forced to “focus” on cell boundaries with this output. Later additions to loss functions have
achieved the same effect.
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Second, the distance field is defined by the Eikonal equation |[V®(Z)| = 1, and so its gradi-
ent — the flow field of Omnipose — has unit magnitude throughout the bounded region for
which it is calculated. This leads to faster convergence and better numerical stability when
compared to alternative solutions producing similar fields (e.g., screened Poisson; I'ig. 3.1a,
Chapter 7). Third, the distance field is independent of morphology and topology, mean-
ing that it is applicable to all cell shapes and sizes. Lastly, the resulting flow field points
uniformly from cell boundaries toward the local cell center, coinciding with the medial axis
(skeleton) that is defined by the stationary points of the distance field (I'ig. 3.1b). This
critical feature allows pixels to remain spatially clustered after Euler integration, solving the

problem of over-segmentation seen in Cellpose.

One challenge to implementing a distance-field-based approach is that traditional distance
field algorithms like FMM (Fast Marching Method) are sensitive to boundary pixilation [10],
causing artifacts in the flow field that extend deep into the cell. These artifacts are sensitive
to pixel-scale changes at the cell perimeter, which we reasoned would interfere with the
training process. To solve this problem, we developed an alternative approach based on
FIM (Fast Iterative Method) that produces smooth distance fields for arbitrary cell shapes
and sizes (Fig. 3.1, Fig. 3.2a, and Chapter 7) [17]. The corresponding flow field is relatively
insensitive to boundary features at points removed from the cell boundary, a critical property

for robust and generalized prediction by the Cellpose network.

The use of the distance field additionally required a unique solution for mask reconstruc-
tion. Whereas the pixels in a center-seeking field converge on a point, standard Euler integra-
tion under our distance-derived field tends to cluster pixels into multiple thin fragments along
the skeleton, causing over-segmentation (Fig. 3.2b). We solved this with a suppression factor
of (t+1)~! in each time step of the Euler integration (F'ig. 3.2¢). This reduces the movement
of each pixel after the first step ¢ = 0, facilitating initial cell separation while preventing
pixels from clustering into a fragmented skeleton formation. The wider point distribution

resulting from our suppression factor allows pixels to remain connected, thereby generating a
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Figure 3.1: The Eikonal equation provides a fast and accurate flow field calculation for
diverse cell morphologies and sizes. (a) Partial differential equation solutions (top rows)

and corresponding flow fields (bottoms rows) calculated for two examples cells (i, ii) using a

relaxation algorithm for the heat, Poisson and Eikonal equations. Cell (i) is drawn from our

dataset (mean diameter 37 px) and cell (ii) is a synthetic rod-shaped cell (mean diameter

192px). (b) Convergence measured by the average difference at each iteration (maximum

normalized to 1) for cells (i,ii).
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Figure 3.2: Core innovations of Omnipose. (a) Comparison of distance field algorithms and
corresponding flow fields on ground truth masks. Fast Marching Method (FMM) produces
ridges in the distance field resulting from pixelation on the cell mask boundary. Our smooth
FIM algorithm minimizes these features. The difference image (FIM FMM) highlights
artifacts in the FMM method. Flow fields are calculated as the normalized gradient of the
distance field. Boundary pixelation affects the FMM flow field deep into the cell, regardless
of cell size. (b-c) Comparison of mask reconstruction algorithms on a smooth flow field. (b):
boundary pixel trajectories and resulting mask outlines from standard Euler integration.
(c): Trajectories and mask outlines under suppressed Euler integration. Red dots indicate
the final positions of all cell pixels, not only the boundary pixels for which trajectories are
displayed. Bacteria displayed are (a) E. coli CS703-1 and (b, ¢) and H. pylori, both treated
with aztreonam. Scale bars, 1pm. Images are representative of 1,299 E. coli and 701 H.
pylori cells in the total ground truth dataset, respectively.
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single mask for each cell in conjunction with a standard automated pixel clustering algorithm

(e.g., DBSCAN) [15].
3.2 Loss functions

Loss functions define the energy landscape in which the network parameters are optimized.
Two loss function constructions are used in Cellpose and Omnipose. First is mean squared

error (MSE), defined as

n

. 1 .
MSE(p,p) = — > (pi — i)

i=1
where n is the number of samples (pixels), p; are predictions, and p; are ground truth. MSE

is commonly used in regression problems. Second is binary cross entropy with logits (BCEL),

defined as

BCEL(p,p) = _% Zpi -log(o(pi)) + (1 —p;) - log(1 — o (ps))

where o(z) = is the sigmoid function. BCE is commonly used for binary classifica-

-
1+e—=
tion tasks, and the logits variant is especially useful in this context because it symmetrizes
the (0,1) binary input to (—5,5). This corresponds to the symmetric range of the flow field

components (—1, 1), which we multiply by 5 so that all outputs are in the range (—5,5).

Whereas Cellpose uses MSE on the flow field components and BCE, on the cell probability
field, Omnipose uses BCE; on the boundary field, MSE on the distance field and flow field
components, and then adds multiple additional MSE terms on the gradient of the distance
field as well as the divergence and norm of the flow field. These changes tot he energy
landscape were observed to improve convergence time and prediction quality. Many later
improvements and additions/substitutions were made to the Omnipose loss function (see

Section 4.5).
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3.3 Omnipose demonstrates unprecedented segmentation accuracy

To benchmark the performance of Omnipose, we trained a model (bact_phase_omni) based
on our bacterial phase contrast dataset. Remarkably, across the IoU threshold range 0.5-1,
the accuracy of Omnipose significantly exceeds that of Cellpose using a corresponding model
(bact_phase_cp) (I'ig. 3.3a). This difference in performance between the algorithms is par-
ticularly pronounced within the high ToU range (0.8-1.0). Bacteria are 0.5-5 pm in scale and
are typically imaged with a calibrated pixel size of about 0.1 pm, resulting in cells and cell
labels that are 5-50 px across [19]. Quantitative measurements at this scale require pixel-

level accuracy, corresponding to IoU values above 0.8 (Iig. 2.3). Thus, Omnipose is uniquely

suited for the microscopic analysis of bacterial cells.

To dissect the contributions of the individual Omnipose innovations to the overall per-
formance of the algorithm, we isolated the mask reconstruction component of Omnipose
and applied it to the Cellpose network output. This augmentation of Cellpose modestly
improved its performance across all IoU thresholds (Fig. 3.3a). Based on this, we attribute
the remaining gains in performance by Omnipose to its unique network outputs (boundary,
distance, and flow) and to our improvements to the Cellpose training framework. The latter

includes numerous custom loss functions, the use of an alternative optimizer (RAdam), and

image augmentations (Chapter 7).

Our analyses illuminated critical flaws in prior DNN-based approaches for the segmentation
of elongated cells, effectively preventing these algorithms from generalizable application to
bacteria (I'ig. 2.2). To determine whether Omnipose overcomes this limitation, we evaluated
its performance as a function of cell area. Cell area serves as a convenient proxy for cell
length in our dataset, which is composed of both branched and unbranched elongated cells.
Whereas the Cellpose cell error rate remains above 15% across all cells, the Omnipose error

rate does not exceed 5% before the 90th percentile of cell area is reached (Fig. 3.3b). Thus,
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Figure 3.3: Omnipose substantially outperforms Cellpose on elongated cells. (a) Overall
performance of Omnipose (bact_phase_omni) and Cellpose (bact_phase_cp) measured by
Jaccard Index (JI). The hybrid method (gray) uses the original center-seeking flow output of
bact_phase_cp and the mask reconstruction of Omnipose. Gray box represents IoU > 0.8.
n = 19,570 cells in the test set. (b) Quantification of segmentation performance by cell size.
The percent of cells with at least one segmentation error is computed for cells in each area
percentile group from 1 to 100. Gray box represents the top quartile. (¢) Omnipose IoU
distribution on our dataset compared to the next highest performing algorithm in each of
three cell categories (Simple, n = 12,869; Abx/mutant, n = 6,138; Elongated, n = 531).
Boxes centered on medians from Q1 to Q3, whiskers from Q1 — 1.5IQR to Q3+ 1.5IQR, IQR
the inter-quartile range Q3 — Q1. (d) Example micrographs and Omnipose segmentation.
Mean matched IoU values shown. Bacteria displayed are (i) 5. pristinacspiralis, (ii) C.
crescentus grown in HIGG media, (iii) 5. flezner: treated with A22, (iv) mix of P. aeruginosa,
S, aureus, V. cholerae, and B. subtilis. Scale bars, 1 pm.
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Omnipose performance is independent of cell size and shape, including those cells with

complex, extended morphologies (Fig. 3.3c.d, Fig. 3.4a).

Figure 3.4: Omnipose output on diverse cell morphologies. (a) Omnipose flow and seg-
mentation corresponding to the cells of Fig. 2.5b. (b) (i-iii) Boundary, distance, and flow
output using bact_fluor_omni model on S. flexneri treated with 10 pgmL™1 cephalexin.

(iv) Overlaid mask outlines. The cell in bold yellow is missing the self-contact boundary in
red.

3.4 Nematode segmentation

We have shown that the features of Omnipose improve phase-contrast bacterial segmenta-
tion performance beyond that of Cellpose. Like other DNN-based algorithms, Omnipose can
also segment images acquired using different modalities and composed of alternative sub-
jects when trained on a representative dataset. To evaluate Omnipose on images acquired
using a modality distinct from phase contrast, we curated a dataset containing cytosol and

membrane fluorescence in 33,200 bacterial cells (bact_fluor). In brief, this was achieved by
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applying the labels of cells with fluorescence signal in our phase contrast ground-truth images
to their corresponding fluorescence channels (Chapter 7). As expected, we found that the
enhanced performance of Omnipose (bact_fluor_omni) relative to Cellpose (bact_fluor_cp)

on morphologically diverse cells translates to fluorescence images (I'ig. 3.5a-d, Fig. 3.4b).

We next sought to investigate the potential utility of Omnipose in the segmentation of
non-bacterial subjects. The nematode Caenorhabditis elegans is a widely studied model or-
ganism with an overall morphology similar to elongated bacteria [50]. At just one millimeter
in length, C. elegans phenotypes are often analyzed by time-lapse microscopy; therefore,
there is significant interest in segmentation methods that enable accurate tracking [71]. We
obtained, annotated, and trained Omnipose on two publicly available, low-resolution mi-
croscopy datasets composed of C. elegans images: time-lapse frames from the Open Worm
Movement database [72] and frames containing fields of assorted live or dead C. elegans from
the BBBC010 dataset [73]. Many images in this combined worm dataset contain debris and
are of heterogenous quality, yet 83% of masks predicted by Omnipose match or exceed the
0.8 IoU threshold (Fig. 3.5f). At the low resolution of our combined C. elegans dataset,
the worms approximate bacteria in shape and diameter (in pixels). Indeed, we found that
a generalist model trained on both our extensive bact_phasedataset and our worm dataset
(worm_bact_omni) exhibited equivalent or higher performance relative to the specialist worm
model (worm_omni). We also trained an Omnipose model using a custom collection of high-
resolution C. elegans images (worm high res) and found that the algorithm can successfully

segment these images despite the complex internal structure (Iig. 3.5h).

3.5 Benchmarking beyond bioimages

The cyto2 dataset is a large collection of images and corresponding ground-truth annota-
tions submitted by users that expands upon the original cyto dataset developed to evaluate
Cellpose [9,13]. This dataset includes many non-cell images (e.g., rocks, onions) as well

as multi-channel fluorescence images (e.g., cytosol and nuclear stains in mammalian cells)
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(Fig. 3.51, Fig. 3.6). We found that Omnipose offers a modest improvement in performance
relative to Cellpose on the cyto2 dataset (Iig. 3.5¢), and this was achieved without compro-

mising the segmentation rate (~ 1 image per second).

3.6 3D segmentation

Two-dimensional imaging allows the characterization of cells within constrained environ-
ments, yet many phenomena of interest can only be studied in natural, three-dimensional
contexts. We modified each explicitly 2D component of the network architecture, outputs,
and mask reconstruction elements of Omnipose to enable direct segmentation of 3D (or higher
order) data. This contrasts with the solution adopted for Cellpose (Cellpose3D), which ap-
proximates a 3D field by combining the 2D flow components predicted on orthogonal 2D

volume slices [J].

We compared Cellpose3D to Omnipose on a publicly available A. thaliana lateral root
primordia dataset acquired using confocal microscopy [19]. An Omnipose model was trained
on 6 volumes representing 931 cells in total (plant_omni), whereas Cellpose was trained on
3,070 slices of these volumes (plant_cp) (Chapter 7). Consistent with our results in 2D,
Omnipose provided more accurate segmentation results than Cellpose, particularly amongst
elongated cells in the dataset (Fig. 3.7). We note that the absolute scores for both algorithms
are low and attribute this in part to inaccurate ground-truth masks (I'ig. 3.8a.b). Indeed, in
certain instances, Omnipose-predicted masks appear to be more accurate than the ground
truth (Fig. 3.7b, Fig. 3.8b). Interestingly, the 3D field reconstruction made in Cellpose
from 2D plant_cp slice predictions recapitulates much of the direct 3D field predictions of
plant_omni (Fig. 3.8¢). We reason that this is because the local 2D cell slice centers of
the Cellpose flow field can be coincident with the global 3D cell skeletons of the Omnipose

flow field. Taken together with our results on diverse cell types and fluorescence images,

we conclude that Omnipose maintains the multi-modal segmentation capabilities of Cellpose
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Figure 3.5: Omnipose models trained and evaluated on assorted imaging modalities and
subjects. Relevant Omnipose model names provided (also see Table 3.1). (a) Performance of
bacterial fluorescence Omnipose (bact_fluor_omni) and Cellpose (bact_fluor_cp) models.
Test set consists of n = 14,587 cells. (b) Fluorescence micrograph (top) and correspond-
ing bact_fluor_omni segmentation results of B. thailandensis expressing cytoplasmic GFP
(segmentation, middle) or outer-membrane localized mCherry (segmentation, bottom). (c¢,d)
F. tularensis subsp novicida segmentation using phase contrast (bact_phase_omni) (c) or
bact_fluor_omni (d) Omnipose models. Two significant bact_phase_omni segmentation er-
rors are highlighted in red. Scale bars, 1 pm. (e) Performance of Omnipose models trained
on cyto2 (cyto2_omni, n = 10,232) and C. elegans (worm_omni) datasets versus correspond-
ing Cellpose models. Results for Omnipose and Cellpose trained on either C. elegans alone
(gray, red) or Omnipose on C. elegans and bacterial data (yellow) are shown. cyto2 test
dataset: n = 10,232 cells. C. elegans test dataset: n = 1264 worms. (f) IoU distribution
for the masks predicted by each method on our C. elegans test dataset (n = 1,264). Boxes
centered on medians from Q1 to Q3, whiskers from Q1 — 1.5IQR to Q3 + 1.5IQR, IQR the
inter-quartile range Q3 — Q1. (g) Example segmentation of C. elegans in the BBBC010
dataset used in (e,f). IoU score shown. Scale bar unavailable. (h) Example segmentation of
high-resolution C. elegans (minimum projection brightfield). Scale bar is 50 pm. (i) Example
multi-channel Omnipose segmentation in the cyto2 dataset. Scale bar, 3 pm.



Table 3.1: Models and datasets

Model name

Dataset

Training

cyto2_omni

cyto2 dataset [J]

—--n_epochs 4000
--RAdam
--diameter 30
—-—omni

bact_phase_omni

bact_phase_cp

bact_phase (BPCIS, Bacterial
Phase Contrast for Image
Segmentation)

—--n_epochs 4000
--RAdam
--diameter 0
—-—omni

—--n_epochs 500
--diameter 0

bact_fluor_omni

bact_fluor_cp

bact_fluor, bacterial fluorescence
(cytosol and membrane)

--n_epochs 4000
-—RAdam
--diameter 0
—--omni

—--n_epochs 500
--diameter 0

worm_omni

worm, C. elegans brightfield

worm_bact_omni

worm and bact_phase

--n_epochs 4000
--RAdam
--diameter 0
--omni

worm_cp

worm

—--n_epochs 500
--diameter 0

worm_high res

C. elegans brightfield minimum
projections dataset from Luca
Rappez.

--n_epochs 4000
~RAdam
--diameter 60
—omni

plant_omni

plant_cp

A. thaliana root cell primordia.
Adapted from Wolny et al. [19] and
downscaled by 1/3.

--n_epochs 4000
--RAdam
-—diameter 0
--omni

--n_epochs 500
--diameter 0

33
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Figure 3.6: Omnipose accurately segments diverse images from the cyto2 test dataset. (a-
i) Selection of images from the cyto2 test dataset with superimposed outlines representing
Omnipose cyto2_omni model segmentation. Subjects are not defined, as the cyto2 dataset
lacks metadata and is comprised of anonymized contributions.
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while adding the ability to perform accurate segmentation of a substantially broader range

of cellular morphologies present within 2D and 3D data.
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Figure 3.7: Omnipose can be applied to 3D datasets. (a) Volume slice in the A. thaliana
3D training set. Black arrows denote ground truth over-segmentation. Red corresponds
to cell in panels b-d. (b) Selected cell in context of ground truth data. (c) Ground-truth
distance field for selected cell (b). (d) Steps of the suppressed Euler integration for selected
cell (b). Boundary pixels shown, colored by overall displacement (dark to light red). (e)
Performance of Omnipose (OP, plant_omni) and Cellpose (CP, plant_cp) on the full test
dataset (n = 604) and on a subset without excluded regions (Chapter 7) that is represented
in panels f-h (n = 73). (f-h) Ground-truth masks (f) and segmentation results of A. thaliana
using Omnipose (g) and Cellpose (h). Scale bars, 20 20 pm.
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Omnipose

Figure 3.8: Errors in the three-dimensional A. thaliana ground-truth dataset impact train-
ing and performance metrics of Ominpose and Cellpose. (a) Slices of ground truth training
set volumes. Images show errant pixels and apparent flaws in ground truth masks. Black
arrow indicates one instance of a joined mask. (b) Ground truth masks for the test volume
in Fig. 3.7c-h. Two cells are joined under one label (black arrow). (c) Slices of the predicted
Omnipose and Cellpose flow fields through the middle of the volume in (b).
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3.7 Sensitive detection of cell intoxication

Our laboratory recently described an interbacterial type VI secretion system-delivered
toxin produced by Serratia proteamaculans, Trel [51]. We showed that this toxin acts by
ADP-ribosylating the essential cell division factor FtsZ; however, we were unable to robustly
evaluate the consequences of Trel intoxication on target cell morphology owing to segmen-
tation challenges. Here we asked whether Omnipose is able to detect cellular intoxication by
Trel. To this end, we incubated S. proteamaculans wild-type or a control strain expressing
inactive Trel (tre1%415Q) with target E. coli cells and imaged these mixtures after 20 hours.
Owing to the improved segmentation accuracy of the Omnipose bact_phase model, we were

able to include dense fields of view and incorporate ~ 300,000 cells in our analysis.

Among the cells identified by Omnipose, we found a small proportion were elongated
and much larger than typical bacteria (Fig. 3.9a.b and Fig. 3.10a). These cells were only
detected in mixtures containing active Trel, and the apparent failure of the cells to septate is
consistent with the known FtsZ-inhibitory activity of the toxin. The S. proteamaculans strain
background we employed in this work expresses the green fluorescent protein. Corresponding
fluorescence images allowed us to unambiguously assign the enlarged cell population to FE.
coli (Fig. 3.9¢). Next, we subjected the same images to cell segmentation with StarDist,
Cellpose, and MiSiC, the three top-performing algorithms in our initial survey. Each of
these algorithms fail to identify this population of cells to high precision (Fig. 3.9d.¢). Close
inspection reveals three distinct modes of failure (Iig. 3.9¢ and Fig. 3.10a.b). In the case of
StarDist, elongated (non-star-convex) cells are split into multiple star-convex subsets that
do not span the entire cell. Cellpose detects entire elongated cells but fragments them into a
multitude of smaller masks. Conversely, MiSiC detects all cells but fails to properly separate
them, thereby exaggerating the area measurement in many cases, including F. coli cells in the
control experiment. These data illustrate how the enhanced cell segmentation performance

of Omnipose can facilitate unique insights into microbiological systems.
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Figure 3.9: Omnipose facilitates the accurate identification of intoxicated E. coli. (a) Fluo-
rescence/area population profile according to Omnipose segmentation (bact_phase_omni) in
control and experimental conditions. K-means clustering on GFP fluorescence distinguishes
S. proteamaculans trel /tre1P41°@ (light/dark green markers) from E. coli (gray markers).
n = 209,000 cells in experimental population (S. proteamaculans trel) and n = 85,260
cells in control group (S. proteamaculans tre1%159). (b) Example of extreme filamenta-
tion of S. proteamaculans in response to active Trel. (¢) Omnipose accurately segments all
cells in the image. Largest cell indicated with black arrow. (d) MiSiC predicts large cell
masks over both species. Cellpose (bact_phase_cp) and StarDist fail to predict any cells
above 15um?. (e) Example segmentation results highlighting typical errors encountered
with MiSiC (under-segmentation), Cellpose (over-segmentation), and StarDist (incomplete
masks). Mask mergers cause some E. coli to be misclassified as S. proteamaculans. Scale
bar is 1 pm.
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Figure 3.10: Example segmentation errors by StarDist, Cellpose, and MiSiC of E. coli cells
undergoing intoxication by S. proteamaculans Trel. (a) Examples of segmentation failures
demonstrated by each method. Cells 2 and 3 indicated with orange and gray arrows are
the reference cells highlighted in Fig. 3.9a.d. Scale bars are 1um. (b) Control populations
segmented by StarDist, Cellpose, and MiSiC. Notably, Cellpose and MiSiC exhibit an en-
richment of larger cells even in the control, a consequence of both under-segmented (merged)
cells as well as fragments of over-segmented large cells.
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Chapter 4

AFFINITY GRAPHS AND SELF-CONTACT

Self-contact is a morphological property found in many natural structures. In bacteria, this
is commonly observed in cells that are extended and flexible enough to fold onto themselves
(e.g., Fig. 1.2 and Fig. 3.4b). In rigid cells, budding and branching growth may also allow
for disjoint sections of the cell exterior to be close contact. Even more common is the
formation of new cellular boundaries during division, in which two distinct layers of external
cell material are necessarily grown in contact and yet remain part of the same cell until

division is complete.

But what does segmentation mean in the context of self-contact? I first became deeply
intrigued by this question early on in development of the bact_phase dataset, where I found
that I had to exclude all examples of self-contact from the training set. I left this problem
unresolved until I realized that self-contact is an inherent property in the segmentation of
time lapses, in which cell lineages are most fundamentally represented by a single, branched,
self-contacting spacetime tree (see Chapter 5). But to use Omnipose for segmenting these
structures, we require a method for representing ground-truth labels from which accurate
(boundary-respecting) distance and flow field may be derived. Just as importantly, the

output of Omnipose would also need to be in such a form on order to do the kind of boundary-

dependent analyses of single cells.

In the following chapter, Section 4.1 and Section 4.2 recapitulate Section 1.1 from the point
of view of discovering affinity graphs as the answer to this important question. The remainder

of this chapter describes the development of Omnipose to produce affinity segmentation.



41

4.1 The hierarchy of segmentation encoding

At first order, we have what is known as semantic segmentation, in which each pixel is
assigned either the value 0 if it is background (the growth substrate) or the value 1 if it is
foreground (cells). However, this binary map cannot be used to distinguish between cells
in contact because the pixels of all cells are assigned the same value. To get around this,
semantic segmentation algorithms are designed to avoid cell contact by leaving a boundary
of Os around each cell. This compromise results in masks that very poorly approximate the

true size and shape of cells.

At second order, we have what is known as instance segmentation, in which background
pixels are assigned the value 0 and the pixels of each object (an instance of the foreground
class, i.e., any cell) are assigned a unique integer label. Known as a label matrix, this integer
map can be used to distinguish between two cells in contact because the pixels belonging to
either cell are assigned distinct values (e.g., 43 and 71). This transition between labels is the
only way to define cell boundaries, and therefore instance labels cannot encode boundaries

within or between disjoint parts of a given object.

At third order, we have what we will call affinity segmentation, in which the fundamental
segmentation encoding is an affinity graph. Each node in the graph represents an image
pixel, and edges between nodes represent connectivity between pixels in the image (here
we only consider connections between pixels that are adjacent within the image, and this
form of affinity graph is sometimes referred to as an adjacency list). FEach cell in this
representation is therefore a connected component of the graph, i.e., a disjoint cluster of
nodes linked by edges. In fact, connected components labeling is a common technique in
traditional image segmentation, typically used to derive label matrices from binarized images
in which foreground objects are separated by one or more background pixels. In that context,
foreground pixels are said to be connected if they share an edge and /or a vertex (this is called

1 vs 2 connectivity in Python and 4 vs 8 connectivity in MATLAB). Once all connected
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components are identified, the pixels belonging to each component is assigned a unique

integer to form the traditional instance segmentation label matrix.

Within the foreground class, pixels may be classified as either internal or boundary. Inter-
nal pixels are those that are connected to all neighboring pixels (in 2D, either the 4 cardinal
neighbors sharing an edge or all 8 neighbors sharing either an edge or vertex). Boundary
pixels are those with fewer connections than internal pixels. The affinity graph is therefore
constructed (sometimes implicitly) whenever boundaries are to be derived from an existing
segmentation. When starting with a semantic segmentation, all foreground pixels are defined
as connected to each other and disconnected from background. Thus, a binary map cannot
resolve boundaries between cells in contact. Using an instance segmentation, we can define
pixel connectivity by whether or not two pixels share the same label, and this can resolve
boundaries between cells. However, pixels belonging to self-contact boundaries share the

same label and thus are not detectable from a label matrix alone.

The affinity graph is therefore the most information-dense and general encoding of image
segmentation, capable of describing boundaries regardless of whether those boundaries are
part of the same cell or two different cells. Although direct construction of affinity graphs via
traditional or ML approaches have been attempted [55], the most successful segmentation
algorithms to date do not generate an affinity graph as an intermediate output. These include

Cellpose and Omnipose |9, 50].

4.2 Boundaries are not encoded by standard instance labels

As indicated in prior work, Omnipose models accurately predict flow fields at all cell
interfaces, even in instances of self-contact (Fig. 4.1a,c) [50]. This behavior is apparent in all
of our models published to-date, which are not trained on datasets containing examples of

self-contact. This is evidence that an Omnipose model makes its predictions based on local
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Figure 4.1: Omnipose already predicts accurate flows in instances of self-contact. (a) S.
flezneri grown with 10 pgmL~" cephalexin. (b) S. pristinaespiralis with branching hyphae.
(i) Omnipose flow predictions for images (a,b). (ii) Mask reconstructions using pixel clus-
tering. Missing boundaries marked in red.
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boundary signals within an image, a property that generalizes to any boundaries in contact

whether they belong to the same cell or distinct cells.

Despite these boundary-aware predictions, the original mask reconstruction algorithm of
Omnipose returns only a label matrix and therefore cannot represent self-contact boundaries
(Fig. 4.1¢). This is because labels are determined by spatial clustering of pixels after Euler
integration using DBSCAN, and thus an affinity graph is never defined (Fig. 3.3¢) [15].
Other approaches for mask reconstruction based on DNN outputs likewise do not construct
an affinity graph before generating a label matrix. Approaches that directly predict pixel
affinities using a DNN suffer from a lack of error correcting schemes and have therefore not

risen to the same level of performance as approaches like Cellpose, and later, Omnipose

[9,55,50].

4.3 Affinity graphs can be derived from net pixel displacement

Two key observations led us to construct an affinity graph from the existing Omnipose
segmentation pipeline. First is that the flow field of neighboring pixels is roughly parallel
when those pixels should be considered connected, i.e., when no boundary should exist be-
tween them. This property is intrinsically linked to the definition and calculation of the flow
field (Chapter 7). Second is that the integrated pixel trajectories follow this pattern while
correcting for local prediction inaccuracies. Therefore, pixel connectivity can be established
by thresholding the angle between displacement vectors of adjacent pixels. Pixels whose
displacement angles are less than 90 degrees are considered connected, and anything greater

is considered disconnected (Fig. 4.2¢).

This metric for connectivity allows us to define an affinity graph for the image (Fig. 4.2d).
From this affinity graph, we may then extract both the boundary pixels and the instance
labels by connected components. Excitingly, this operation is faster on average than the

previous segmentation approach while giving much richer information about how pixels are
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Figure 4.2: Pixel displacement defines the affinity graph, and the affinity graph defines
boundaries. (a) Phase contrast image of self-contacting H. pylori cell treated with aztre-
onam. Scale bar 1pm. (b) bact_phase_omni flow field predictions; phase key (i). (c)
Example displacements for connected pixels (i) and disconnected pixels (ii). Connection is
determined by an angle threshold. (d) Affinity graph. Lines represent connections between
adjacent pixels. Heat map represents the total number of connections with adjacent pixels.
(e) Boundary map. Boundary pixels are those connected to fewer than all neighbors. (f)
parametrized contour; color indicates direction (i).
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connected within objects. Specifically, we see that self-contact boundaries within can indeed
be represented (Iig. 4.2¢). The affinity graph also contains the required information to

parametrize cell boundaries (Fig. 1.2f).

4.4 [Euler integration error-corrects DNN flow predictions

Although we hoped that we could avoid Euler integration altogether (saving computation
time) by using the angles between the raw flow field at each pixel to assign pixel connectivity,
we found that this was unreliable at boundaries. This is because the raw flow field may have
occasional single-pixel directional errors that cause its angle with neighbors on both sides
of the boundary to be below the connectivity threshold (Fig. 4.3b.c). In this instance,
thresholding relative flow angles is analogous to thresholding the cell interior and boundary
fields of classic U-nets, in that small errors in local predictions can entirely invalidate the
global segmentation result [9,57]. This again leads us to conclude that use of DNN outputs
without error correction of some kind inevitably leads to segmentation errors. In the case
of vector field flow output, Euler integration appears to be a simple and sufficient means to

error-correct the predictions.

Errors in the flow field predictions can be understood as an inevitable consequence of loss
functions based on mean-squared error (MSE), in which near-zero predictions are favored
compared to large, incorrect predictions. This is particularly problematic in regions where
the prediction must take on one of two highly opposed values, such as diverging vectors on
either side of a boundary. Because the flow field is comprised of N distinct components
in N dimensions, low-value predictions tend to occur independently along each axis. As
scaling one component of a vector alone will change its direction, this can result in flow
field predictions that do not point toward the local skeleton of any cell. Despite this, Euler
integration allows for adjacent flow predictions to correct the trajectory of an errant pixel

and guide it away from the boundary with a sufficient number of iterations (Iig. 1.3).
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Figure 4.3: Euler integration is an error-correcting mechanism for flow-derived connectiv-
ity. (a) Phase contrast image of E. coli cells in contact. (b) Pixel trajectories at a boundary
interface. Poor prediction at this interface allows pixels from adjacent cells to be below con-
nectivity angle cutoff (i). (c) Affinity graph defined by pixel displacement from 1 integration
step). This one errors corresponds to under-segmentation (cells remain connected). (d) Net
displacement after 3 integration steps corrects local errors in flow and pixel displacement.
Angle between boundary pixels is now above the cutoff (i). (e) Affinity graph defined by
pixel displacement after 3 integration steps.

4.5 Sine squared loss alleviates interpolation at cell boundaries

Despite this error correction scheme, we nonetheless sought to improve flow prediction
quality at cell boundaries. Prediction quality on a given dataset is largely determined by
the loss function, i.e., by the energy landscape in which the network parameters are being

optimized. To this end, we devised a novel loss function, sine squared loss, defined as

SSL(p, p) Zsm 0; = Z(l —cos?0;) = %Z(l - pl—le)

i=1 i=1 sz“”Pz“

where n is the number of samples (pixels), p; are predictions, p; are ground truth, and 6;
are angles between predicted and ground-truth vectors. This function captures the intuition
that predicted vectors should always be parallel or antiparallel to the ground truth, but never
orthogonal. Because we have heavy warping and subsequent nearest-neighbor interpolation

of labels during training, there are often label artifacts at cell boundaries at the scale of
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single pixels. Thus, we are more interested in demanding that the flow field points into any

cell at an interface rather than into a particular cell, as MSE would demand.

Whereas MSE drives the network to predict smooth changes in the flow field across an
interface (necessarily reaching zero magnitude between cells), SSL drives the network to
predict nonzero opposing vectors at an interface. We found that SSL in combination with the
norm loss and reduced contributions from MSE allows the network to predict discontinuous,

constant-magnitude, opposing flow field components across cell boundaries (Fig. 4.4).*1

a b

Figure 4.4: Sine squared loss remediates errors in magnitude and direction at cell
boundaries. Top row: flow field phase plot. Bottom row: flow field magnitude. (a)
bact_phase_omni, trained without SSL, predicts flows that go to zero at the cell interface.
Low-magnitude predictions at the interface also tend to have a component parallel to the
boundary (see Fig. 4.3). (b) bact_phase_omni_2, trained with SSL, predictions flows that
are close to ground-truth magnitude. Low-magnitude predictions at the interface now point
orthogonal to the cell interface. (c¢) Ground truth flow field. Gradient computation is now
designed for the magnitude to fall off at the cell skeleton but not at cell boundaries.

*MSE on flow components is still useful for initial convergence.

fNote on Iig. 4.4: bact_phase_omni was trained on normalized flows. However, unlike the Cellpose heat-
derived field that required normalization, we realized that the distance field being defined by the Eikonal
equation means that its gradient should already have unit magnitude everywhere. This is not precisely the
case due to way we iteratively compute the distance field, but by constructing a custom gradient operator,
we were able to compute an accurate gradient without post-hoc normalization. The zero magnitude at the
skeleton is a bonus, as it improves both training and mask reconstruction.
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4.6 Self-contact requires a modified annotation technique

We have so far shown that existing models trained on examples without self-contact bound-
aries can generalize to cases of self-contact, and we have further demonstrated that Omnipose
can now detect such boundaries by constructing an affinity graph based on integrated pixel
trajectories. However, all models will eventually fail when applied to data sufficiently unlike
the training set. For example, E. coli grown on cephalexin produces extremely elongated
cells with thin and phase-light regions (I'ig. 4.5a). We hypothesize that bact_phase omni
model interprets the morphology of tight turns and the sharp optical transition between dark
and light (where the chromosome is excluded) as a boundary between two cells, leading to
over-segmentation (Fig. 4.5b). To accurately segment images like these, we must retrain the
model on a dataset that includes images with these features. Because these features only
exist in such systems with extreme filamentation and self-contact (tight turns necessarily

imply self-contact), we next sought a method to annotate such cells and compute accurate

ground-truth distance and flow fields from those annotations.

Figure 4.5: Multi-label annotations on extended, self-contacting cells. (a) Representative F.
coli BW27783 cell grown 10 pg mL ™! cephalexin for 9.5 hours on an agar pad. (b) Predicted
flow and segmentation using bact_phase_omni model. (c¢) Multi-label representation of the
cell. (i) Many unique labels make up one cell. (ii) Connectivity across labels is defined in
a link matrix. (iii) Affinity graph computed from labels and links. (iv) Distance and flow
computed from affinity graph.
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The need to train models on systems with self-contact boundaries poses yet another dis-
tinct challenge. Ordinary image annotation using instance labels is already a difficult and
tedious endeavor [55]. At its most efficient, this process involves manual correction of masks
made by a somewhat accurate segmentation algorithm by splitting or merging instance la-
bels. However, as aforementioned, we cannot use instance labels to represent self-contact
boundaries (Iig. 1.2). Our initial solution was to use an additional annotation channel (or
layer) for binary boundaries. One may incorporate such a layer in existing (:Uls such as Na-
pari and Photoshop, but we ultimately abandoned this methodology for three reasons. First
is that the instance mask and boundary layers are decoupled, requiring the human annotator
to constantly toggle between layers to ensure that the boundary map corresponds exactly
to the instance map pixel-for-pixel. Second is that the boundary map is ultimately used to
define an affinity graph to compute distance and flow fields, requiring it to be formatted as
precisely 2px-thick at all interfaces. This is not only difficult to do manually, but it also
cannot be used to define an affinity graph for thin cells. Third is that image augmentations
during training require labels to be well-defined after transformations using nearest-neighbor
interpolation, but 1-2 px wide features are irreconcilably corrupted during the required affine

transformations (Chapter 7).

Our solution was to define multi-label instance maps, in which a single object is split into
multiple large (>9 px?) integer labels and linked using a separate dictionary saved as a plain
text file. Pixels with dissimilar labels are now connected if these labels are listed as a pair
in the link file, thereby allowing for the generation of ground-truth distance and flow fields
for training a new model (Fig. 4.5¢). In the context of self-contact boundaries, at least three
labels are required: two unlinked labels on either side of the boundary, and one at the end of
the boundary that is linked to both labels on either side. Multi-label instance maps can be
rapidly created by human annotators for any cell type. As described in prior work, annotation
can be dramatically accelerated by correcting flawed DNN segmentation [50]. This is also true

in the context of self-contact boundaries, but generating multi-label instance maps (even from
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affinity graphs) is highly nontrivial. We developed custom pipelines for generating multi-
label annotations for human validation for the two distinct cels morphologies presented in
this study. In both cases, the lack of thin features (<3 px wide) guarantees the existence of
interior cell pixels throughout the cell body, thereby allowing us to use multi-label boundaries
linked by interior pixels. This simplification allows for automatic post-processing of single-
layer annotations into true multi-label instance maps and link files without further human

input (Chapter 7).

4.7 Affinity segmentation enables the analysis of elongated, self-contacting
cell morphologies

Having built the infrastructure to train on self-contact data, we next annotated a full
time lapse a single E. coli cell growing to 38x its original size in 10pgmL~! cephalexin
(Fig. 4.5). We then added one third of this data in the form of composite frames to the
BPCIS dataset on which the bact_phase_omni model was previously trained. We found
that the resulting model bact_phase_omni_2 performs as well as bact_phase_omni while also

accurately detecting boundaries across a range of elongated, self-contacting cell morphologies
(Fig. 4.6).

Ordinary rod-shaped cells can be automatically registered to a standard rod shape, effec-
tively mapping the captured data to a defined local coordinate system. This normalized data
can then be averaged across a population of cells (known as a consensus image). Registration
to a known orientation also trivially allows for the projection of the cell data onto its long
axis (now taken to be horizontal), reducing the spatial dimension and allowing many such
projections to be stacked over time to form a composite image (known as a kymograph).
Consensus images and kymographs are invaluable tools for understanding distributions of
biomolecules and cellular structures in space and time, but all existing tools for creating

them break down for long, curved, or self-contacting cells.
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Figure 4.6: Affinity segmentation on elongated, self-contacting cells. In addition to ordi-
nary cell morphologies, Omnipose now accurately segments (a) branching hyphae in S. pristi-
naespiralis, (b) invaginated S. flexneri (10 pg mL~! cephalexin), (c¢) legs in E. coli CS703-1
(1pgmL~! aztreonam).

The affinity graph allows us to generalize the standard approaches measuring and aggre-
gating single-cell data in elongated, curved, and self-contacting cells. To illustrate this, we
utilized a HupB:YFP fusion to visualize the chromosome within replicating (but not divid-
ing) E. coli DY330 growing on a 1 pgmL~! aztreonam, 3% agarose LB pad (I'ig. 4.7a). The
affinity graph generated by Omnipose allows us to define an exact cell skeleton, distance
field, and flow field, which we then use to project the image data onto the cell skeleton for
each time point, thereby generating a kymograph (I'ig. 1.7b). This approach can be used

for any cell shape with a non-branching skeleton.”

*2D kymographs are not applicable to cell shapes that cannot be reduced to 1D, as the second dimension is
used for time. However, the affinity graph contains the require information to construct a local coordinate
system and register to a standard shape, thereby making consensus images possible even when self-contact
is involved.
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In this instance, we observed six distinct phases in cell growth as measured by the relative
area over time (I'ig. 1.7c.d). Phases 3 and 4 follow a sharp contraction of the cell. Although
such a measurement could have been made by area alone, the affinity graph allowed us to
further decompose this measurement into the average width and length (I'ig. 4.7¢.f). We
found that the length of the cell grows exponentially without interruption, and it is instead

the width of the cell that accounts for the reduction in cell area.
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Figure 4.7: HupB localization and sensitive morphology characterization in filamentous,
coiled E. coli. (a) Cell treated with 1pgmL™" aztreonam at ¢ = 11,71,102, 118 minutes.
(b) Kymograph (distance-weighted projection onto skeleton) of HupB signal. (c) Growth
measured by the relative change in area. Six distinct growth phases are present (gray regions,
dashed lines indicate sudden shrinkage events). (d) Growth phases are determined by using
a Decision Tree Regressor on the measured growth rate.

4.8 Affinity segmentation enables septum tracking in dividing cells

During division, two new cell boundaries are synthesized in contact (one for each daughter

cell). The developing septum within the mother cell represents a nearly universal instance of
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self-contact boundaries. However, this structure is not directly observable in most bacteria by
phase contrast microscopy, where the signature of division is only detectable by a developing
cusp in the cell profile. Fluorescence imaging is therefore the modality of choice for studying

the cell membrane.

The bacterium Deinococcus radiodurans is particularly amenable to fluorescent membrane
imaging due to its size (overcoming diffraction limits) and its relative tolerance to the many
excitation exposures required for time lapses [79]. Previous studies have demonstrated that
the cell cycle can be tracked by the unique morphology displayed by the developing cell
septum stained with Nile Red [79]. However, prior quantitative analyses were highly limited
in throughput due to the lack of a trained DNN segmentation model for this kind of data.
Using our new multi-label annotation technique, we were able to train a new omnipose model
(drad fluor omni2) that successfully recognizes all cell boundaries, including newly formed

boundaries at the septum. The boundary detection is extremely precise, allowing up to

single-pixel openings in the septum just before division is complete (Fig. 1.8).

Connections
-

345678

Figure 4.8: Sensitive detection of cell septum during division. (a) Representative D. ra-
diodurans microcolony visualized with Nile Red. (b) Omnipose segmentation with overlaid
parametrized boundaries. (¢) The underlying affinity graph for this segmentation.
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Chapter 5

SPACETIME SEGMENTATION

We have thus far shown that Omnipose can be used to segment extended objects in 3D.
We have also shown that Omnipose can segment objects exhibiting self-contact, meaning
that boundaries are represented within single objects. These capabilities are exactly what
is needed for segmenting dividing cells in 3D (2D+T) spacetime, in which cell lineages
form extended, branched, self-contacting volumes. This method of segmentation will solve

multiple problems in the traditional time lapse processing pipeline.

5.1 The problem of cell tracking

The goal for time lapse segmentation is inherently three-dimensional, as we require each
cell to ultimately receive a unique identifier for every pixel and time point at which it has
been imaged. This is commonly referred to as a Cell ID, but I find the term spacetime label

to be a more natural and evocative of the underlying geometry.

The task of generating spacetime labels has always been broken down into two stages.
First, a time lapse' is segmented frame-by-frame, where the segmentation at ¢t does not
influence the segmentation at ¢ + 1. These per-frame labels are uncorrelated over time and
are effectively random numerical values. The second step is to link the uncorrelated labels

for each single cell over time, called cell tracking.

Cell tracking algorithms construct a loss function from properties like frame-to-frame mask

overlap and momentum. The minimization to this loss function determines the most likely

fwith in-plane movement removed by frame-to-frame image registration, also called “image alignment” or
“stabilization”
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tracking result, i.e., the most probable set of all frame-to-frame label links. However, errors

in segmentation inevitably corrupt all tracking algorithms.”

5.2 The problem of cell division

In terms of frame links, binary cell fission is detected when a given frame label at time ¢
is linked to two frame labels at time ¢ + 1.7 The cell at ¢ is known as the mother, and the
two cells at time ¢ + 1 are known as the daughters. The set of all mothers and daughters
forms the lincage tree. The correct determination of cell lineages is a crucial component of

analyzing and interpreting results in live bacterial microscopy.

Cellular division is not instantaneous, however, and so a continuum of intermediate states
can be captured under the microscope (Fig. 5.1a.b). These intermediate, ambiguous division
states result in temporally incoherent decisions around cell division, wherein a mother cell
may be whole at time t;, divided into two daughters at time ¢; 4+ 1, and then rejoined into the
mother cell at time to > ¢+1 (Fig. 5.1d, Fig. 5.2¢). At high frame rates, a model may “change
its mind” several times during a division event (splitting and joining a cell many times)
until finally reaching a stable prediction about cell division. These temporally incoherent
predictions pose a significant challenge to existing tracking algorithms and bacterial analysis

pipelines.

No current 2D image segmentation model is built to utilize any temporal information in its
predictions.” Human beings can and do make similar errors when given only a single frame

of a time lapse and asked to decide whether or not a dividing cell has completed division,

*It is possible to design ad-hoc approaches that fix specific kinds of segmentation errors that are detectable
in the tracking pipeline, but these constitute a small subset of common issues that arise in time-lapse
microscopy.

fOther forms of division, occasionally exhibited by bacteria, can result in more than two daughter cells.

TAt least, I am not aware of any implementation that leverages temporal information for dense object
segmentation. I could see region-based approaches doing this, but as we saw with Mask R-CNN, those are
not applicable to microscopy images.
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Figure 5.1: Intermediate division states and segmentation errors. (a) Representative E. coli
division over 2 minute intervals. Division state is difficult to determine from phase contrast
alone (b) Pal-mCherry signal overlay may indicate true division as early as t + 3 and as late
as t + 5. (c) Possible correct segmentation. (d) Example of mother-daughter cell merging.
Daughter cells at ¢ + 3, merged at ¢ + 4, and divided again at t + 5.
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and so it is not unexpected that neural networks would make the same mistakes given the

same limited information.

5.3 The solution in the high-frame-rate regime

The solution to these issues, as I see it, is to sidestep the problem of cell tracking/linking
and generate spacetime labels directly. From this perspective, entire cell lineages are the
fundamental 3D objects that are to be segmented from 2D+T time-lapse volumes. The
affinity graph representing this segmentation groups all cells in a lineage together, thereby
removing the need for a separate step of cell linking. This graph can be sliced at each time

point to produce per-frame segmentations for making measurements on individual cells.

Figure 5.2: Cell segmentation in 3D spacetime. (a) Kymograph schematic of cell growth
and division. A mother cell grows until the new cell wall develops and daughter cells are born.
Cell boundary indicated in black. (b) Spacetime labels for the mother and two daughter cells.
(¢) Schematic example of mother-daughter merging corresponding to Fig. 5.1d.

For sufficiently high frame rates (such that the sampling frequency in time is roughly

equivalent to the sampling frequency in space), cellular spacetime volumes are contiguous
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and pose a problem completely analogous to spatial 3D segmentation. In this regime, we can
therefore apply the standard approach of Omnipose for training and segmentation. For much
lower temporal sampling, where cells may be moving too fast as to have any overlap with
themselves in the previous frame, this approach of spacetime segmentation breaks down.
However, most time lapses taken for the purposes of exploring sub-cellular processes (which
occur on time scales much smaller than that of cell division and movement on agarose pads)

do have a high enough frame rate to make this approach feasible.”

5.4 Spacetime training data

Dividing lineages in 3D spacetime pose the same self-contact problem as folding cells in
2D space. To properly generate ground-truth predictions like distance and flow, we must
split the lineage label into parts. Fortunately, the natural solution to this is just a spacetime
labeling of all individual cells (mothers and daughters) (Iig. 5.2). The links in this context
are just mother-daughter links; e.g., cell 1 is the mother of 2 and 3, 2 is the mother of 4 and

5, and so on.'

5.5 Extracting tracked cells from lineage affinity graphs

Typical analysis pipelines are built to expect frame-by-frame cell masks and frame-to-frame
mask links. Thus, we must be able to generate these outputs from the more fundamental
affinity graph in 3D spacetime. This is achieved by simply deleting all edges in the affinity

graph that connect voxels at time ¢ to ¢ £ 1. The remaining graph now consists of disjoint

*Cells that are more sensitive to frame rate due to phototoxicity or photobleaching may require fluorescence
to be less frequently acquired than phase contrast.

fThis simplification only holds for dividing cells that have no spatial self-contact, of course. It is possible to

train a spacetime model on time lapses of such cells, but the training data would be much more difficult to
make because there would be many more sub-labels and the links would be in all 3 dimensions instead of
just time.
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2D slices of the affinity graph for each time point. The subgraphs corresponding to each cell

then receive a unique identifier using connected components labeling.

With these frame-by-frame labels, we then use the temporal edges of the affinity graph to
generate frame-to-frame links. By brute force, we can use our affinity graph to query each
note and generate all pairs of labels for each voxel and each of its possible 26 neighbors in
its 3 X 3 x 3 neighborhood. This operation can be optimized somewhat by only considering
connections from ¢ to ¢t + 1. After this list of frame-to-frame links is generated, we then

remove the many duplicates in this list arising from frame-to-frame mask overlap.

5.6 Preliminary results

As an initial proof of concept, I curated a collection of 15 spacetime volumes for semi-
manual linked-label annotation. To capture morphological diversity, I included 4 micro-
colonies of A. baylyi essential gene mutations (DnaN, DnaA, MurA, FtsN) [60]. To cap-
ture intermediate divisions states, I included 11 microcolonies of E. coli captured at high
frame rates.” Each was segmented with Omnipose, tracked with Trackmate or SuperSeg-
ger, remapped into spacetime labels, and then loaded into Napari to correct any errors and
manually generate mother-daughter links [5, 10,61].1 These labeled and linked volumes were

then used to train a new omnipose model, bact_phase_spacetime.

To assess performance qualitatively, we can look at the DNN output and mask recon-
struction on representative E. coli microcolonies. We find that bact_phase_spacetime has
temporal coherence throughout division events, solving the problem of incoherent mother-

daughter merging exhibited by bact_phase omni (Fig. 5.3).

*With a doubling time of about 30 min, I used frame rates from 30s to 2 min.

tErrors at this stage may arise both from segmentation errors as well as tracking errors. Mother-daughter
links coming from a tracking algorithm cannot be trusted and must be either checked or generated manually;
I found it faster to do the latter.
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t+1

t+2

t+3

2D model 3D model

Figure 5.3: Spacetime model provides coherent segmentation through division events. (a)
E. coli division acquired with phase contrast at 2 minute intervals. (b) bact_phase_omni flow
predictions. (c¢,d) Mask and affinity predictions based on (a). Daughters at time ¢ are merged
at time t+1. (e,f) Spatial and temporal flow components from bact_phase_spacetime model.
Positive temporal flow is red, negative is blue. (g,h) Mask and affinity predictions based on
(e,f). The boundary between daughter cells forms gradually.
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5.7 Future work

To make a spacetime model that is as general and applicable as our models in 2D, we must

train on a much larger dataset. The poses two main challenges.

5.7.1 Physiological accuracy of training data

A spacetime model has two goals: (1) temporally coherent determination of cell bound-
aries, and (2) physiologically accurate determination of cell boundaries. Temporal coherence
allows for sensible cell division and tracking, but accurate cell lifetime and protein local-
ization within the cell depends on physiologically accurate boundaries both in space and in
time. A model trained on temporally biased data will learn to replicate that bias (early or
late divisions) whereas noise in the ground-truth data (a mix of early and late divisions) will
corrupt the training process and converge to parameters that give locally averaged/blurred

predictions.

The solution to this problem is to annotate cells using a clear marker for cell division. As
we need to train models on high-frame-rate data, we require our marker to be highly resistant
to photobleaching. To this end, I grew and imaged dozens of E. coli strains in the ASKA2
database for cytosol and membrane-localized protein-GFP fusions as well as strains in the
Wiggins and Mougous libraries with constitutive or induced flurophore expression. Although
I found two candidates for strong cytosol expression, all membrane-bound proteins in the
ASKA database were not expressed at a high enough level to persist over long time lapses at
high frame rates. We ultimately obtained a Pal-mCherry E. coli strain that was suitable [(2].
Although mCherry is less ideal than GFP due to the wider diffraction pattern and therefore
lower spatial resolution, the outer membrane protein Pal is one of the most highly expressed
proteins in E. coli and so provided a sufficiently clear signal to serve as a ground-truth

marker for cell division.
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At this time, I have collected high-frame-rate time lapses of several hundred wildtype F.
coli microcolonies with either bright GFP cytosol or outer-membrane mCherry fluorescence,
several of which were used to train bact_phase spacetime. I have also collected dozens
of similar movies of antibiotic-induced FE. coli filamentation (aztreonam, cephalexin) and
rounding (A22) with GFP cytosol or FtsZ-GFP.* However, the diversity in cell morphology
and internal structure remains limited in this data, as only a few strains of E. coli were used.
A full dataset will, at minimum, require genetic manipulation of multiple species to express

a bright and persistent cytosol or outer-membrane marker.

5.7.2 Human annotation bottlenecks

Although the 2D bact_phase_omni model can be used to ease the burden of manually
segmenting each frame of a time lapse, and tracking tools like Trackmate can help link
frame-by-frame labels into spacetime labels, the aforementioned mother-daughter merging
problem can only be resolved by manual editing. Even in the case of perfect segmentation
and self-linking into spacetime cell labels, these results must be checked manually. The
number of mother-daughter links grows exponentially in time lapses covering multiple cell
cycles, requiring hundreds of links to check manually in typical microcolonies (no such data
is currently in my training set for this reason). Moreover, these deep microcolonies can no
longer be linked by viewing them in 3D, as cells inside a microcolony are occluded by the

cells at the edge.

To alleviate this bottleneck, a (:UI should be developed to enable interactive editing of
mother-daughter cell links.! This GUI should allow the visualization of cell lineages in

an abstract lineage tree schematic as well as in the 3D spacetime label volume. The cell

*Z ring probes, such as FtsZ-GFP or ZipA-GFP, are not bright enough to be used by human annotators in
these extended, high-frame-rate movies. I have not excluded the possibility that a more highly expressed
target on the cell septum may exist. Future attempts to design fluorescent fusions should begin with this
question.

fThe best way of doing this would probably be as a Napari plugin.
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occlusion problem should be handled with translucency; i.e., only the spacetime cell labels

of a highlighted lineage in the tree should be opaque in the volume view.
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Chapter 6

IMAGE ANNOTATION

The following sections compile my strategies, rationale, and techniques for curating ground-

truth datasets for image annotation.

6.1 Garbage in, garbage out

Image segmentation tools are only as good as their training data. Although large seman-
tic and even instance segmentation datasets do exist across a variety of fields, the majority
of these are of extremely low quality. This is because many popular applications like face
detection do not require pixel-level accuracy in the final output. The training data, there-
fore, can be generated by non-experts en masse via crowdsourcing marketplaces. Errors in
individual human annotations wash out in the aggregate, and any interpolation effects from

the disagreements at object boundaries are considered acceptable.

For scientific applications concerned with sub-pixel localization of structures within objects
tens of pixels wide, errors in ground-truth annotation cannot be tolerated. Fortunately,
my work suggests that smaller, carefully curated human annotations are more effective at
training accurate models than larger, hastily curated datasets. Less is more, especially if the

goal is to fine-tune a model to work on a specific image set.

6.2 Dataset and image sizes

This principle applies to image size as well. Large images should be split into several small
images for two important reasons. First is that only a fixed subset of the image is sampled
per training epoch. With the default patch size of (224,224), a full-resolution image from a
microscope on the order (2048,2048) would take at least 84 epochs for the network to “see”
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the entire image. Cropping the image instead to 16 (512,512) images allows the network

to effectively train on the entire image in parallel.

The second benefit to splitting images for annotation is that they are less prone to error.
Large images contain more cells and are fatiguing to fully and carefully annotate. Large
images also natively display their full extent, where cells and possible mistakes in their
annotations remain small and difficult to discern. Small images encourage human annotators
to keep all cells in view at a magnification that reveals the errors to be corrected, which can

then be swiftly made and saved as manageable subsets of the full image.

Ground-truth images should not only be cropped for size, but also for content. For ex-
ample, all examples of self-contact must be excluded unless linked multi-labels are provided.
Cell overlap must likewise be excluded, as sensible ground truth cannot be established. All
cells must receive a label, but it is possible to include images with unlabeled cell debris
alongside annotated cells to train a model that ignores cell debris. This strategy may not
apply to excluding objects that are too cell-like (such as microfluidic chamber pillars), but

this is not been tested.

Lastly, I will note that the training set should be balanced in its diversity of example
images. The order of images in the training directly is randomly shuffled, but the number of
times a cell type is shown to a network is directly proportional to the number of representative
images that exist for it in the training set. If the goal is to train a model that performs equally
well across a range of cell/image types, then roughly the same number of images per type

should be in the training set.

6.3 Instance labels require fluorescent labels

As mentioned, a neural network will learn better if the examples it is shown are annotated
consistently. However, even a consistent set of ground-truth labels may be physiologically

inaccurate. This typically manifests as a bias in cell dilation or contraction. Again, while
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most image segmentation tasks can ignore a bias of a pixel or two, we would like to avoid this
when generating masks that fundamentally determine the meaning of the results we measure

via image cytometry.

The solution here is to use fluorescent cell membrane labels. The Pal protein in E. coli
is excellent, but a high-copy inner-membrane protein would be even better. At worst, an

outer-membrane dye would be better than nothing.

6.4 The four-color theorem

All existing software for image annotations uses the same deeply flawed approach for
visualizing instance labels: one unique color per cell mask overlaid onto the source (typically
grayscale) image. If there are many cells in the image, however, we quickly run out of
unique colors to distinguish adjacent cells (Fig. 6.1a). To solve this adjacency issue, colors
are randomly shuffled. This somewhat mitigates the problem, but some adjacent cells will

inevitably receive a similar color and become very difficult to distinguish (Fig. 6.1b).

Figure 6.1: The 4-color theorem in action. (a) Perceptually uniform color map (viridis)
applied to segmentation of an F. coli microcolony. There are 161 cells and therefore 161
unique colors. Instance labels typically increment from the top left corner, and so spatially
adjacent labels tend to be numerically adjacent. (b) Randomly shuffled colors show dis-
tinction between some cells, but not others. (c) 4-color mapping reveals all cells with no
ambiguity:.
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This similarity between colors makes it very easy for fatigued human annotators to select
an incorrect (yet visually indistinguishable) color for editing a particular cell. Many publicly
available cell segmentation datasets, particularly those with large numbers of cells per FoV,
contain misshapen and punctured cell masks that I suspect could only have gone unnoticed

due to this issue with label coloring.

The solution to this problem goes back to 1852, when Francis Gurthrie conjectured that
only four colors are needed to fill all regions of a map such that no two regions sharing a
common boundary share the same color. This was later proven in 1976 by Kenneth Appel
and Wolfgang Haken followed by additional proofs in 1997 and 2005 [03,01]. However, it
appears that no software packages (at least in Python and MATLAB) have been developed

to remap instance labels to only 4 values.

Soon after beginning work on generating a ground-truth dataset, I realized the need for
such a tool and developed my own Python package to “4-color” instance labels. My method
is stochastic® and opts to find a fast solution using 5 (or occasionally more) colors instead
of attempting more permutations to achieve a coloring with 4. The method works in 3D
as well, where no analogous theorem exists, and it achieves 6-7 colors for the bounded and

typically convex volumes of cells in 3D and 2D+T.

This reduction from N cells to n < N colors allows for a very limited and therefore
distinguishable set colors to be used when viewing and manually annotating cells (Fig. 6.1¢).

It is also very handy for visualizing segmentation results and instance labels in general.

6.5 Human in the loop

Correcting annotations is often much faster than generating them from scratch. I therefore
begin annotations either by (a) choosing an existing Omnipose model trained on similar data,

or (b) annotating a single, small crop of the data to train a working model. Because poor

*Random seed setting seeds reproducibility, however.
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flow predictions at boundaries tends to result in under-segmentation, I tune the parameters
of Omnipose to purposefully over-segment cells. In an editor like Photoshop or Napari,
it is very easy to merge several partial masks together using a fill tool. In general, over-
segmented masks derived from imperfect model predictions still follow the true boundaries
of cells quite well, and thus eliminate much of the manual boundary tracing required to split

under-segmented cells or draw cell masks from scratch.

A new model can be trained after each new addition to the training set is finished. The
predictions of each model should form the basis of the next ground-truth image annotations.

This should repeat until no significant edits need to be made to the model predictions.

6.6 Time lapse annotation

Much as correcting 2D predictions is easier and generally more accurate than drawing them
from scratch, starting with an automatic frame-by-frame segmentation of a time lapse makes
an impossible task bearable (or at least, less sanity-withering). Automatic cell tracking
algorithms such as TrackMate do a great job at linking frame predictions into spacetime
labels as long as cells do not move too much or have any segmentation errors [(1]. However,
this automatic cell linking inevitably fails where the initial segmentation has any errors, like

mother-daughter merging, and so I typically find it more efficient to link cells by hand.

Manual cell linking is surprisingly easy. Loading segmentation stacks into Napari, I simply
use a fill tool to recolor all slices of a cell’s spacetime volume with a unique color (or, as
noted, one of 6-7 colors). As with 2D, it is better to start with over-segmented labels because
these are effortlessly merged with the fill tool. Splitting under-segmented cells remains a

bottleneck.
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Chapter 7

MISCELLANEOUS METHODS

Historically, phase contrast microscopy has been the modality of choice for studying yeast
and bacteria (among other microorganisms) because cells appear dark against a light back-
ground. This contrast makes it both straightforward to find and focus on cells in a planar
sample but also makes it possible to apply traditional image processing techniques for crude
cell segmentation. Although microscope calibration is beyond the scope of this document, I
will speak to the methods used to capture and process the images presented in the previous

chapters.

7.1 Growth, density, and substrate

Image acquisition integrates photon count per-pixel over some finite period of time. To
avoid motion blur, cells must be immobilized on a substrate. A thin (~ 0.5 mm thick) pad
of 1-8% agarose gel made with a nutrient media provides an ideal single-plane environment
on which to deposit cells. Multiple drops of ~ 0.5 uLL sample (cells suspended in media) can
be placed on the pad and allowed to dry. This pad is mounted between a glass slide and a

cover slip, sealed with got glue, and imaged in a heated microscope chamber.

Agarose pads are made by mixing and melting a liquid media with agarose powder and
any desired additives. Small volumes can be made easily in a flask and microwave. This
mixture should be very hot and free of bubbles when poured into a mold of uniform height.
I find that glass slides separated by two layers of tape works well to give very flat, thin pads.
Flatness of the pad helps to ensure that the entire field of view remains in focus (assuming
the microscope mount is level). Thinness of the pad helps to reduce the scattered light and

enhance contrast. Given that bacteria cells are on the order 1pm in width, we can safely
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assume that pads ~ 100x thicker will provide a sufficient reservoir of nutrient to support

cell growth for the duration of most experiments.

Because resolution in the optical axis of any microscopy technique is roughly 2x worse
than in the imaging plane, it is generally not possible to segment bacterial cells in 3D based
on z-stacked phase contrast or epifluorescence images. We therefore require that cells grow
in a single layer within the focal plane, allowing for robust 2D segmentation and tracking.
2D imaging also allows for a single image acquisition per-channel per-timepoint, reducing
phototoxicity and bleaching of fluorophores. I find that 3% agarose works well to inhibit

cells from growing into the pad or on top of each other for several (> 8) cell divisions.

Cell density in the deposited sample varies by application. As a droplet dries, the cell
density at the periphery becomes quite high (colloquially referred to as a coffee stain). The
middle of the droplet is lower in density. Roughly ODggy = 0.1-0.5 provides enough cell
separation for short time lapses. Overnight cultures at about ODgyy = 1 can form completely
cell-packed fields of view that are largely unilaminar. For long time lapses, especially of
mutants that grow large, we target much lower cell density. Low cell density also allows for
image crops with no partial cells at the crop perimeter, which is ideal for making ground

truth annotations.

7.2 Phase contrast and fluorescence microscopy

In-house imaging was performed on a Nikon Eclipse Ti-E wide-field epi-fluorescence mi-
croscope, equipped with a SCMOS camera (Hamamatsu) and X-cite LED for fluorescence
imaging. We imaged through 60X and 100X 1.4 NA oil-immersion PH3 objectives. The
microscope was controlled by NIS-Elements v3.30.02. Cell samples were spotted on a 3%
(w/v) agarose pad placed on a microscope slide. The microscope chamber was heated to

30C or 37C when needed for time-lapse experiments.
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Several images in our dataset were taken by two other laboratories using three distinct
microscope/camera configurations. The Brun lab provided images of C. crescentus acquired
on a Nikon Ti-E microscope equipped with a Photometrics Prime 95B sCMOS camera.
Images were captured through a 60X Plan Apo A 100X 1.45 NA oil Ph3 DM objective. The
Wiggins lab provided E. coli and A. baylyi time lapses from both a Nikon Ti-E microscope
using NIS-Elements v4.10.01 as well as a custom-built tabletop microscope using Micro-

Manager v1.4, both described in previous studies [00,(5].

7.3 Exposure and outliers

Raw data is often under- or over-exposed and can contain outliers where pixels are satu-
rated. These outliers can be small pieces of debris (especially glass) or occluded/dead sensor
pixels. Phase contrast or other transmissive modalities like DIC or brightfield can be easily
calibrated such that all pixels fall within the minimum and maximum sensitivity range, or
gamut, of the sensor. This can be done by adjusting the illumination intensity, the exposure
time, or the gain of the sensor itself (the former two are preferred to reduce noise). Visual-
izations like the LUT (look-up-table) histogram display the distribution of pixel intensities
and should be used to calibrate exposure prior to image acquisition. Fluorescence images,
on the other hand, typically cannot be adjusted to use the full gamut of the sensor because

the signal is too dim.

Microscope images are typically saved in a 16-bit format, meaning that pixels may take
values in the range 0 to 65535 (2! — 1).* Pixels in 8-bit format, more commonly used in
publication images, take values in the range 0 to 255 (2% — 1). When images are too dark
or too bright, the pixels only occupy the bottom or top several bits, resulting in a limited
number of distinct values. These “posterized” images not only look bad, but are of limited

scientific value due to the loss information.

*In some software that save directly to TIF, 2 bits are reserved for metadata, so images may only be 14 bits
for a range of 0-16, 383. Proprietary formats like ND2 save full 16 bit images and store metadata separately.
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In practice, images should be slightly under-exposed to account for bright outliers and
modality artifacts (like bright halos in phase contrast) that vary from FoV to FoV. For
display and image processing, raw images are cast to the float data type (typically 32- or
64-bit) and normalized to that pixels take on values between 0 and 1. Typically, this is done

via min-max scaling, where the minimum value in the image is set to 0 and the maximum

I—min(])
max(])—min(l) "

value is set to 1: I' =

However, outliers (dark or light pixels well outside the typical range of the image) define
the minimum and maximum of the image, and so the rescaled image compresses the signal
into a smaller range than desired (I'ig. 7.1). Low-contrast regions (such as deep within a
bacterial microcolony) depend on the preservation of subtle numerical differences between

adjacent pixels to allow for image segmentation, and this information is lost when such a

compressed image is saved in a standard 16- or 8-bit format.

Underexposed Underexposed + outlier
(min/max rescaling) (min/max rescaling)

Figure 7.1: Min-max rescaling compresses signal and leads to information loss. Left: min-
max rescaling of a slightly underexposed exposed image with no outliers. Right: min-max
rescaling of a slightly underexposed exposed image with one outlier. This is simulated by
dividing the rescaled image by 2 and adding setting one pixel to a value of 1.

The solution to outlier-induced compression is to rescale based on extremal percentiles
rather than the absolute minimum and maximum of a given image. Typically, taking the
0.01st percentile as the minimum and the 99.99th percentile as the maximum will effectively

ignore pixel-level outliers in both dense and sparsely populated FoVs (Fig. 7.2).
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Min-max rescaling Percentile rescaling Original

Figure 7.2: Percentile rescaling resolves outlier-induced information loss. Left: min-max
rescaling with outlier pixel. Middle: percentile rescaling with outlier pixel. Right: original
image (min-max rescaled).

7.4 Gamma adjustment

Images that have been successfully rescaled such that their pixels are in the range 0 to 1
can be further adjusted to reveal details in dark or light regions of the image. We may raise
each pixel of an image I € (0,1) to some power z € (0,00) without changing the overall

range of values in the image, as 0° = 0 and 1* =1 (Fig. 7.3).

7.5 Semantic gamma normalization

We can next use image segmentation in combination with gamma adjustment to normalize
image brightness. This is very handy for making figures with images coming from different
microscopes or optical configurations (Iig. 7.4)." To do this, we first use our semantic
segmentation to calculate the average background signal. The gamma exponent is then the

ratio of the logarithms of the target value and the measured value.

*Even within a single experiment, rescaling per-frame may images to look relatively dim or bright due to
changes in cell density and random noise affecting minimum /maximum brightness. This should be handled
by rescaling based on percentiles of the whole time stack. In the case of photobleaching in fluorescence chan-
nels where per-frame correction is desired, one may instead rescale each frame and then gamma-normalize
so that the background noise is consistent. This function is in omnipose.utils.normalize _stack()
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Figure 7.3: Gamma adjustment applied to a rescaled 0-1 image. Top: histogram of pixel
intensities for four gamma exponentiations. Bottom: images with gamma adjustment.

7.6 Dataset processing

In the development of Omnipose, several external datasets were collected and processed
(Table 2.1) [56]. Some datasets required significant pruning and/or cleanup to be useful for

our study.

7.6.1 C. elegans data preparation

We obtained a 1000-frame time lapse of . clegans from the Wormpose [51] GitHub
adapted from the Open Worm Movement database [52], which is inaccessible at the time
of writing. We also utilized the Broad Bioimage Benchmarking Collection set BBBC01040,
a set of 100 images containing live and dead C. elegans. These images were manually cropped
to select regions of each image without C. elegans overlaps. For both of these datasets, im-

ages were initially segmented with Omnipose to select foreground, automatically cropped to


https://github.com/iteal/wormpose_data
https://bbbc.broadinstitute.org/c-elegans-livedead-assay-0
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minmax percentile gamma 1/3 gamma 1/2

Figure 7.4: Semantic gamma normalization in comparison to no rescaling (raw), minmax,
percentile, and semantic gamma normalization with two target background values (1/3, 1/2).
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select individual C. elegans or clusters of C. elegans, and then packed into ensemble images
for efficient annotation, training, and testing following the same procedures described below

for our bacterial datasets.

For high-resolution C. elegans images, one gravid non-starved NGM plate of WT C. elegans
(QZ0) was resuspended in a 1 mL M9 defined buffer. The worm suspension was pelted by
quick spinning and resuspended in 100 nL of fresh M9 buffer. 20 ul of the pellet was placed on
agar pads (0.3% agar, SeaKem) mounted on regular microscope slides (25 mm x 75 mm). The
20ul drops were left to dry by approx 50% of their volume at room temperature, allowing
worms to arrange longitudinally, before a glass coverslip (22 mm x 22 mm) is placed on
top. The sample was imaged using a Andor Dragonfly Spinning disk confocal mounted on a
Nikon TiE2 microscope at 15x magnification (10x/).25 NA Nikon objective and 1.5x camera
magnification) in the Brightfield channel. For each field of view, a Z stack of 7 frames
centered on the worm focal plane and spanning over approx. 85 um (12.14 um spacing

between frames) was acquired.

7.6.2 Arabidopsis thaliana data preparation

This specific subset of the PlantSeg dataset [19] was chosen because it represented diverse
morphologies and because other subsets of their published ground truth were not in accessible
formats. Three folders were provided: test, train, and val. We first combined the test and
val volumes into a single test dataset. The PlantSeg algorithm appears to exclude regions
labelled by 0 as during training, whereas 1 denotes background. This is incompatible with
Omnipose and most other algorithm training pipelines. We therefore discarded images with
the label 0 from our training set and subtracted 1 so that the remaining images conform to
the convention of 0 for background. The final training set consists of Moviel timepoints 3,
9, 35, 40, 45, and 49. The published test dataset consists of Movie2 frames 10 and 20 and

Moviel frames 4, 6, 30, and 45. Frame 45 is mistakenly duplicated from the training set,
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so we discarded it from our test metrics. Only frame 30 of Movie 1 contained no exclusion
zones (label 0), so we present both the performance on this subset alone as well as the
performance on the full test dataset (Moviel 4, 6, 30 and Movie2 10, 20) (Fig. 3.5¢). For
the purposes of computing performance, exclusion zones are treated as background, and
therefore all predicted labels in these regions significantly decrease the Jaccard Index for all
algorithms at all IoU thresholds regardless of segmentation accuracy elsewhere. The images
and ground truth were down-sampled by a factor of 3 to allow full cell cross-sections to be
loaded onto the GPU during training (see below section on ND), with linear interpolation

on images and nearest neighbor interpolation on the ground-truth masks.

7.6.3 Bacterial sample preparation

To image antibiotic-induced phenotypes, cells were grown without antibiotics overnight
in LB, back-diluted, and spotted on agarose pads with 50 pgmL~! A22 or 10pgmL~!
cephalexin. Time lapses were captured of E. coli DHba and S. flexneri M90T growing on
these pads. E. coli CS703-1 was back-diluted into LB containing 1pgmL~! aztreonam and
spotted onto a pad without antibiotics [30]. Cells constitutively expressed GFP to visualize

cell boundaries.

. pylorr LSH100 grown with and without aztreonam was provided by the Salama lab
[39,060]. Samples were fixed and stained with Alexaflour 488 to visualize the cell membrane.
Images were taken on LB pads. The typical technique of allowing the spot to dry on the pad
caused cells to curl up on themselves, so our images were taken by placing the cover slip on

the pad immediately after spotting and applying pressure to force out excess media.

C. crescentus was cultivated and imaged by the Brun lab [10,67]. Cells were grown in
PYE, washed twice in water prior to 1:20 dilution in Hutner base-imidazole-buffered-glucose-
glutamate (HIGG media) and grown at 26C for 72h. Cells were spotted on a 1% agarose
PYE pads prior to imaging.
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5. pristinaespiralis NRRL 2958 was grown using the following media recipe: Yeast extract
4g /L, Malt extract 10g/L, Dextrose 4g/L, Agar 20g/L. This media was used to first culture
the bacteria in liquid overnight and then on a pad under the microscope. This strain forms
aggregates in liquid media, so these aggregates were allowed to grow for several hours on
a slide in the heated microscope chamber until we could see individual filaments extending
from the aggregates. Fields of view were selected and cropped to exclude cell overlaps.

Autofluorescence was captured to aid in manual segmentation.

Mixtures of S. proteamaculans attTn7:Km-gfp trel or trel®41°@ and /. coli were spotted
on a PBS pad to prevent further growth. Phase-contrast images of the cells were acquired
before and after a 20hr competition on a high-salt LB plate. Fluorescence images in the

GFP channel were also acquired to distinguish S. proteamaculans from unlabeled E. coli.

All other individual strains in Table 2.1 were grown overnight, diluted 1:100 into fresh
LB media, and grown for 1-3 hours before imaging. Mixtures were made by combining

back-diluted cells roughly 1:1 by ODggp.
7.7 Defining the Omnipose prediction classes

Omnipose predicts four classes: two flow components, the distance field, and a boundary

field. Our distance field is found by solving the eikonal equation

1

V(&) = 77

where f represents the speed at a point . The Godunov upwind discretization of the eikonal

equation is

(max(@a‘ —min (14, Pir15) ,0))2 N (maX (¢s; — min (¢1,5-1, i j+1) ,0))2 1
Ax Ay  fig
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Our solution to this equation is based on the Improved FIM Algorithm 1.1 of Huang [17],
as follows. Our key contribution to this algorithm is the addition of ordinal sampling to

boost both convergence and smoothness of the final distance field.
2D update function for ¢; ; on a cartesian grid

1. Find neighboring points for cardinal axes (Ax = Ay =) :
¢™" = min (i1, Pit1) @™ = min (Pij—1, Piji1)

2. Find neighboring points for ordinal axes (i ca=17- b= g, % = 2—2 = \/§5> .

™™ = min (¢i_1-1, Pis1j41), O™ =min (¢ip1-1, Pi1j+1)

3. Calculate update along cardinal axes:
if |¢minx _ qz5miny ‘ > Q then
V)

U™ = min (¢minx ,¢miny ) + fij

else

U =3 (qsmi“ T+ \/ 2(7) — (o ¢miny>2>

4. Calculate update along ordinal axes:
if |¢mina o ¢minb ‘ > f?_& then
V)
Uab — min ((bmina 7¢minb ) + g
2,
else

Uab — % <¢mina + ¢minb + \/4 <%>2 o (Qbmina o ¢minb )2)

5. Update with geometric mean:

¢i,j — W/Uszab
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This update rule is repeated until convergence (Fig. 3.1). We take 6 = f;; to obtain
the signed distance field used in Omnipose. The flow field components are defined by the
normalized gradient of this distance field ¢. The boundary field is defined by points satisfying
0 < ¢ < 1. For network prediction, the boundary map is converted to the logits (inverse
sigmoid) representation, such that points in the range [0,1] are mapped to [—5,5]. For
consistent value ranges across prediction classes, the flow components are multiplied by 5

and all background values of the distance field (¢ = 0) are set to —5.
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Chapter 8

OUTLOOK

In this document, I have argued that pixel-level accuracy is required for image cytometry
of single-cell organisms. Although I have shown Omnipose to be the current state-of-the-art
in achieving this goal, there are several facets of the image segmentation problem where more

testing and future research is required.

8.1 The future of image segmentation algorithms

My results show definitively that DNN approaches for image segmentation are capable of
solving virtually any segmentation task that a human can perform. However, it is unknown
whether the U-net architecture, or indeed DNNs in general, are the best choice for performing
the many-to-one image transformations that we seek.” I can imagine that we will one day
have an alternative universal function approximator for Omnipose, one that does not require
as much training data, that trains faster, and that evaluates faster. However, the U-net
appears to be sufficient for all our needs so far, and I have consequently spent little time

working on it besides generalizing the Cellpose implementation to 3D.

Regardless of model architecture, the energy landscape defined by the loss function deter-
mines the ultimate performance of the DNN. Therefore, loss functions represent an opportu-
nity for improving training time and prediction quality. Over the development of Omnipose,
I designed several custom loss functions and found that a carefully weighted sum of each was
critical to achieving the performance we ultimately obtained. In the future, I foresee that
adversarial loss functions (loss functions that are themselves learned) will either replace or

augment manually defined loss functions.

TDNNs are generally not bijective functions. In the case of all the approaches outlined here, images of the
same cells under different modalities would correspond to the same DNN output.
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Hyperparameters, such as the weighting between loss terms, learning rate, decay rate,
dropout, etc., play an important role in defining and navigating the energy landscape. Man-
ually tuning these is an art, but a robust grid search would be closer to a science.” I suspect
that this exercise could give us slightly better models and perhaps shorter training times and

more stable convergence.

Obtaining an accurate (enough) approximation to the desired function is only the first
step of image segmentation with a DNN. The second is mask reconstruction. As noted
in Chapter 4, any post-processing of DNN output should include error correction. FEuler
integration works well for Omnipose, but any error correction scheme must be tailored to
the prediction classes of the DNN. Likewise, the mask reconstruction algorithm is always
designed specifically for the prediction classes. Future research should consider alternatives
to the distance and flow field outputs of Omnipose, but careful thought must be put towards

both error correction and mask reconstruction schemes.

Finally, we may consider how image segmentation is encoded. The affinity graph represent-
ing connections between adjacent hypervoxels appears to be sufficient for any segmentation
task of contiguous hypervolumes. However, alternative approaches may be required for dis-

contiguous hypervolumes.

8.1.1 Low-frame-rate time lapses

If cells move so far as to have little to know overlap between frames, we will not be able

to segment them as a contiguous object in 3D. However, it is possible to still obtain tracking

*Understanding and developing a theoretical framework for the influence of each would be much better, but
I have my doubts about the feasibility of this.
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information if we allow an affinity graph to have edges between non-adjacent pixels. An

efficient implementation of this may be worth some research.”

8.1.2  Cell overlap

Cell overlap in 2D imaging is another niche problem that might be solved by an alter-
native segmentation encoding. For example, we could output two instance masks — one for
foreground, one for background (or however many layers are needed). This could be use-
ful for properly handling data with common and unavoidable overlap, such as tissue slices.
Although overlapping signal would need to be excluded from analysis, this multi-plane seg-
mentation would at least allow for accurate cell counts and morphology to be extracted from

such images.

8.1.3 Hyperspectral imaging

Fluorescent molecules generally have multiple emission peaks, and so cells imaged in multi-
ple channels may appear in a discontiguous subset of channels. Again, an affinity graph with
edges between nonadjacent nodes would allow the data in multiple uncorrelated channels to

be detected as part of a single cell.

8.2 The future of ground truth data

No matter the implementation, example data will continue to be a critical component of
any future segmentation algorithm. My ground truth data took hundreds of hours to collect
and annotate, and despite expertise in the field, I cannot be sure of its physiological accuracy.

Moreover, this data is largely irrelevant to other kinds of images not represented by my data.

*However, my advice would be that this is not a problem worth solving. As Paul says: fix the data, not the
analysis. Unless you have some crazy photosensitive bugs, you can take as many phase / brightfield images
as you need to do cell tracking and collect fluorescence less frequently if needed.
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In order to create equally precise models on different cell types and imaging modalities, we

require a more scalable method of generating training data.

To do this, we need to simulate both images and ground truth cell labels. Both are an
active area of research. Images can, in principle, be simulated with sufficient compute and
with high enough detail in a physical optics model. The software SyMBac is a start to
this [0%].

Alternatively, DNNs may be used to solve this problem with less fine tuning and with
greater fidelity to target image styles. Generative adversarial networks (GANs) and diffusion
models are both promising approaches, but they of course require training data. Furthermore,
it is an open question as to whether diffusion models can be constrained to output signals

that correspond to ground truth mask boundaries with sub-pixel-level precision.

Simulation of cell growth as well as the internal structure that causes the high-frequency
variations in signal within cells is an even more challenging problem. Ball-and-spring models
are a promising, tractable approach for cell growth simulation, but current implementations
are crude and slow. Moreover, such implementations do not accurately model cell septum

formation or internal structure.

8.3 The future of Omnipose

With these points in mind, I conclude that there are two components of Omnipose that

are unlikely to obsolesce in the near future.
1. The network predictions

Distance field and its gradient, the flow field, are highly efficient compared to direct
affinity graph prediction. The former requires just (1 + N) prediction classes in N
dimensions, but the latter would require (3% — 1)/2 for adjacent hypervoxel edge pre-

dictions (more if nonadjacent hypervoxel connections are allowed). The flow field is
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also highly amenable to error correction, but it is unclear how to do this efficiently for
affinity graphs. Although it may be a lack of imagination on my part, I suspect that
some form of morphology-independent, vector-field-based network output will remain

the state-of-the-art for some time.”
2. Affinity graph reconstruction

Euler integration is simple, effective, and efficient. My contribution to this idea was
to suppress pixel movement so that cells are not over-segmented.” I think any vector-
field-based method will continue to take advantage of this. Likewise, I expect that my
general approach of determining affinity graphs from hypervoxel displacement will be
applicable to any Euler-integrated vector field output. The primary improvement I see

moving forward is implementing the last step, connected components labeling, on the

GPU.

Meanwhile, I expect that advancements in DNN architecture will replace the Omnipose
U-net in the next several years. More importantly, I anticipate that manual ground truth
annotation of large datasets will soon be a thing of the past. Training segmentation models
will require far less manual annotation, if any, as we continue to develop means of synthesizing

images that represent the subtle intricacies of real data.

*There may be alternative vector fields to test, but I think that each would ultimately be parallel to the
Omnipose flow but with nonuniform magnitude.

TExplicit suppression is no longer needed in the affinity segmentation pipeline, as we only require comparisons
of displacement direction to determine connectivity (rather than requiring connected blobs along the skeleton
for cluster identification). This means that we can use fewer iterations (which is faster to compute). It
is still useful, however, to rescale the flow by its divergence to increase movement at the boundaries and
reduce movement at the skeleton.
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