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ABSTRACT

Biological microscopy turns cells, tissues, and molecular labels into images, but
quantitative biology depends on converting those images into reliable objects. Seg-
mentation defines the cell boundaries, nuclei, functional tissue units (FTUs), and
background regions from which morphology, spatial neighborhoods, tissue organi-
zation, and disease-associated microenvironments are measured. This step remains
difficult because biological objects are dense, small, heterogeneous in appearance,
expensive to annotate, and often embedded in gigapixel-scale images with sub-
stantial stain and scale variation. General computer-vision models provide useful
architectures and representations, but they must be adapted before they can reliably

support biological image analysis.

This thesis addresses these challenges through four connected contributions. First,
it establishes a cell preprocessing and evaluation workflow including microscopy
annotation conversion, tiling, normalization, small-object mask fidelity, and object-
level evaluation. Second, it studies Equivariant Mask2Former, showing that fi-
nite rotation/reflection-equivariant feature processing can help in limited-label or
weak-augmentation settings, but carries substantial computational cost. Third, it
contributes to CellSAM, a detector-guided cell segmentation framework in which
CellFinder supplies automatic bounding-box prompts for SAM-based mask decod-
ing across diverse cellular imaging modalities. Fourth, it introduces FTURader, a
scale-dynamic FTU segmentation pipeline that combines H&E stain normalization,

FTUFinder detection, dynamic scale control, and SAM2-based mask decoding.

Together, these contributions bridge cell-scale and FTU-scale microscopy segmen-
tation. They show that reliable biological segmentation depends on controlled
data representation, metrics matched to the biological question, prompt generators
adapted to dense microscopy, and scale-aware inference when the target changes
from cells to anatomy. The resulting perspective is that segmentation should be
designed and evaluated as a measurement system for specific biological units, not

simply as a mask-prediction task.
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Chapter 1

INTRODUCTION

1.1 Biological Motivation: From Cells to Functional Tissue Units

Biological microscopy converts tissues, cells, and molecular labels into images that
can be inspected, quantified, and compared. Its scientific value depends on the
ability to connect measurements across scale. Cells are the fundamental unit for
many questions in cell biology and spatial omics: where a cell is located, which
markers it expresses, what morphology it has, and which neighboring cells form
its local microenvironment. Yet organ function is rarely explained by isolated
cells alone. It emerges from repeated multicellular structures embedded in tissue

architecture.

Functional tissue units (FTUs) occupy this intermediate scale. In human atlas
efforts, FTUs are used to describe recurring tissue structures that connect local
cellular composition to organ-specific function, such as glomeruli in kidney, crypts
in colon, glandular acini in prostate, white pulp in spleen, and alveolar regions in

lung!=.

Segmentation is the computational step that turns a microscopy image into measur-
able biological objects. Errors in the segmentation stage propagate into downstream
biology: an inaccurate cell boundary can distort single-cell measurements, while a
missed or merged FTU can alter object counts, size distributions, and tissue-level

interpretation™9.

This thesis argues that reliable biological segmentation requires four linked forms
of adaptation: controlled data representation, evaluation matched to the biological
object, model design matched to the annotation regime, and scale-aware prompting
when the target moves from cells to tissue structures. It follows a cell-to-FTU trajec-
tory. It begins with the infrastructure required to compare biological segmentation
models reliably, examines data-efficient model design under limited annotation,
moves to foundation-model cell segmentation with broader heterogeneous data, and
finally extends the segmentation problem from cell instances to larger functional

tissue units.
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Figure 1.1: A multiscale hierarchy from whole-body macro-anatomy to the single-
cell level’. At the highest level are organ systems, whose individual organs contain
diverse tissues. Tissues, in turn, consist of repeating structures known as functional
tissue units (FTUs). Finally, FTUs and tissues are composed of different cell types
that provide the cellular basis for tissue organization and function..

1.2 Why Biological Microscopy Segmentation Is Difficult

Biological microscopy segmentation differs from ordinary natural-image segmen-
tation in several linked ways. First, biological objects are often dense, small, and
visually repetitive. A single field of view can contain hundreds or thousands of
cells. Object identity matters: a mask that merges two cells may still cover much of
the correct foreground, but it no longer supports single-cell quantification. This is
why later chapters emphasize object-level matching rather than foreground overlap

alone.

Second, microscopy data are heterogeneous. Images span modalities such as fluores-
cence, brightfield, phase contrast, histology, multiplexed protein imaging, spatial-
transcriptomics imaging, and electron microscopy. Channels have biological mean-
ing rather than generic color meaning, and contrast depends on staining, optics,
sample preparation, scanner behavior, and tissue condition. A method trained on
one modality can fail when the same biological object appears under a different

19—11

marker or acquisition protoco This motivates controlled preprocessing and

domain-adapted prompting.

Third, object scale varies even when the microscope or whole-slide scanner has a
fixed sampling resolution. Histology slides are commonly digitized at fixed objective
magnifications such as 20x or 40x, which set the microns-per-pixel spacing for
the image acquisition!?. Within that fixed pixel grid, cells, bacteria, and FTUs
occupy very different pixel ranges. For FTUs, candidate diameters in a multi-

organ dataset range from approximately 30 to nearly 2000 pixels®>. Whole-slide
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histology compounds the problem because the image is too large to process directly
at full resolution; it must be tiled, downsampled, dynamically resized, or processed

hierarchically. This scale variation motivates the FTURader design in Chapter 5.

Fourth, biological annotation is expensive. For FTUs, a trained pathologist needs
ca. 50min to segment 200 FTUs, or about 15s per FTU; for images containing
a few hundred FTUs, this can correspond to roughly US$10-US$100 per image

depending on expert labor cost and review workflow>>

. Cell labels are cheaper
individually but scale poorly: dense cell instance labels can cost about US$0.01 per
label, and microscopy images may contain hundreds to thousands of cells, making a
fully labeled image cost on the order of US$10'3. This annotation burden contrasts
with the scale of general foundation-model data: SAM’s SA-1B dataset contains
about 11 million images and 1.1 billion masks'#. Chapters 3 and 4 respond to this
burden in complementary ways: one uses an explicit geometric prior, while the

other uses broader data and detector-guided prompting.

These properties explain why general-purpose vision models are not automatically
applicable to biological segmentation. Natural-image pretraining offers useful rep-
resentations and architectures, but microscopy still requires domain-specific data

handling, scale control, and color normalization.

1.3 Data and Evaluation as the Foundation for Reliable Segmentation

The first technical premise of this thesis is that model comparison is only mean-
ingful when data conversion and evaluation are controlled. Biological segmenta-
tion datasets arrive as dense label masks, polygon annotations, run-length encoded
masks, or platform-specific annotation files. Computer-vision frameworks often
expect images and masks to be organized in standard formats, such as COCO for-
mat'”, Pascal VOC'®, YOLO detection labels'’, or SA-1B mask records'®. The
conversion between these representations is not straightforward, because general

dataset formats may not be optimized for small objects.

For a predicted object p and a ground-truth object g, common pixel-overlap scores

include )| | | |
pnNg pNg

T 1 U(p’g) = .

Ipl + gl lp U gl

These metrics are useful but incomplete. Instance segmentation also requires match-

Dice(p, g) =

ing predicted and ground-truth objects, deciding which objects are true positives,
false positives, or false negatives, and aggregating precision, recall, F1, average pre-

cision, or average recall across thresholds and images. This distinction is especially
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important for cells and FTUs because split, merged, or duplicated objects can be

biologically unacceptable even when pixel overlap appears reasonable.

Chapter 2 therefore establishes the Cell Preprocessing and Evaluation Workflow for
the rest of the thesis. It focuses on data conversion, small-object mask fidelity, tiling,
normalization, dataset provenance, dataset merging, and harmonized evaluation
metrics. Later chapters use this infrastructure-facing view as the basis for model

development rather than treating preprocessing as an invisible prelude.

1.4 General Segmentation Models and Their Limits in Microscopy

Modern segmentation methods provide the technical vocabulary used throughout
this thesis. U-Net established the encoder—decoder architecture with skip con-
nections that remains central to biomedical semantic segmentation, especially in
limited-data settings'®. Mask R-CNN framed instance segmentation as detection
followed by mask prediction!®. DETR introduced end-to-end set prediction with
learned object queries?”, and Mask2Former unified semantic, instance, and panoptic

segmentation through query-based mask decoding and masked attention?!.

Promptable foundation models changed the segmentation interface. The Segment
Anything Model (SAM) predicts masks from points, boxes, or masks and can transfer
to new image domains more flexibly than closed-category models'4. SAM2 extends
promptable segmentation to images and videos and is relevant to the mask-decoding

design explored later in this thesis??.

Despite these advances, direct transfer from natural images to microscopy is limited
by dense repeated instances, modality-specific contrast, ambiguous boundaries, and
scale variation. Recent cell-segmentation benchmarks make this limitation explicit.
A systematic evaluation of 18 methods reported that vanilla SAM underperformed
for cell segmentation, likely because the pretrained foundation model was not fine-
tuned on the cell training images?>. The limitation persists for newer off-the-shelf
SAM-family models: a later benchmark compared general-purpose SAM, SAM?2,
and SAM3 with microscopy-adapted variants and found that competitive perfor-
mance required cell-specific adaptation, especially automatic prompt generation*.
Thus, vanilla SAM-family models do not perform well as out-of-the-box cell seg-

menters.

The adapted methods make this contrast clearer. Cellpose-SAM adapts a pretrained
SAM backbone to the Cellpose framework?; CellSAM couples SAM-based mask
decoding with an automated cell detector that supplies box prompts!?; and uSAM
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1 These ex-

adapts SAM to microscopy annotation and segmentation workflows
amples support the thesis view that general vision models are useful architectural
resources, but biological cell segmentation still requires domain-specific prompting,

training, or data handling.

1.5 Domain-Specific Microscopy Segmentation Models

Before biological foundation models became practical, many successful microscopy
methods encoded biological assumptions directly into the model output. Cellpose
predicts flows that move pixels toward object centers, enabling separation of many
touching cellular objects?®. StarDist represents nuclei and approximately round
cells as star-convex polygons, which is powerful when object geometry matches that

assumption?’.

Mesmer uses large-scale tissue-cell annotation to segment whole
cells in multiplex tissue images”®. Omnipose modifies flow-based segmentation for

elongated and irregular bacterial morphology®.

These methods show that biological priors matter. A center-flow representation,
radial boundary model, nuclear/cytoplasmic channel assumption, or tissue-specific
training set can produce strong practical performance. The same priors can also
limit transfer. A model optimized for round nuclei may struggle with branched cells;
a tissue-cell model may depend on particular markers; a bacterial segmentation
method may not transfer to mammalian tissue. The field therefore moved toward
two complementary directions: better inductive biases for limited annotation and

larger heterogeneous training corpora for generalist models.

Domain-specific large segmentation models now bridge handcrafted biological pri-
ors and fully general promptable vision. In general medical imaging, MedSAM?>°
and SAM-Med2D?! adapt SAM to large 2D medical segmentation corpora, SAM-
Med3D3? targets volumetric images, and MedicoSAM?? studies robust medical fine-
tuning; BiomedParse®* broadens this direction to joint segmentation, detection, and
recognition across biomedical modalities. In microscopy and pathology, uSAM!!
provides interactive and automatic microscopy workflows, PathoSAM? specializes
SAM-related segmentation for histopathology, and CellViT/CellViT++3¢7 repre-
sent a related transformer/foundation-model lineage for nuclei segmentation and
classification. Cell-scale systems then specialize prompts or outputs: CellSAM!3
uses CellFinder to generate cellular box prompts for a SAM mask decoder, Cellpose-
SAM?’ brings SAM-scale representation learning into the Cellpose ecosystem, and

SAMCell?® fine-tunes SAM for label-free cell boundaries with a distance-map out-
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put. Datasets including TissueNet, LIVECell, Omnipose, DeepBacs, BriFiSeg,
Phase400, YeaZ, and YeastNet illustrate the diversity of cell segmentation bench-
marks. Together, these models and datasets show that biological and medical foun-
dation segmentation usually keeps a large visual backbone but changes the training
distribution, prompting strategy, decoder target, or post-processing to match medi-

cal, histological, or cellular objects.

1.6 Learning Under Limited Annotation

Biological annotations are expensive because they require expertise. To make things
worse, the professionals’ total available work hours are limited. Classical responses
include augmentation, transfer learning, self-configuring pipelines, and weak or
semi-supervised learning. A more architectural response is to encode equivariances

that are natural for microscopy.

For a segmentation function f and a chosen transformation group G, this thesis

follows the group-equivariant 7T,/T, notation used in Chapter 3:

[(Tex) =Tgf(x), g€G.

Here T, denotes the operation associated with g on the input image x, and 7, denotes
the corresponding but distinct operation on the output mask or feature value f(x).
The prime emphasizes that the input and output transformations are linked by the
same group element but act on different representations. Translation equivariance
is already central to convolutional networks. Rotation and reflection equivariance
can be valuable when cells, nuclei, bacteria, or tissue structures have no canonical

in-plane orientation®%,

In Chapter 3, G refers to the finite rotation/reflection
group Cg > C, implemented by flipRot2dOnR2(N=8), while spatial translations
are handled by convolution. Thus the implemented prior is finite rotation/reflection

equivariance rather than equivariance to the full continuous Euclidean group E(2).

Chapter 3 develops this idea through Equivariant Mask2Former. This chapter
represents the small-data and inductive-bias stage: before relying fully on large
heterogeneous foundation-model training, it asks whether finite rotation/reflection-

equivariant segmentation can make better use of limited biological labels.

1.7 From Specialist Models to Biological Foundation Models
Promptable foundation-model segmentation promises a different route: instead of
designing a separate specialist model for every imaging condition, train or adapt a

promptable model across a broad biological distribution. Medical and microscopy
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adaptations of SAM show the potential of this direction, while also showing that

domain adaptation remains necessary'!3°.

CellSAM is the central example for this thesis. It adapts promptable segmentation to
dense cell segmentation by pairing CellFinder, a detector that automatically proposes

cellular bounding-box prompts, with a mask decoder that produces instance masks'>.

The conceptual importance of CellSAM is that it changes the role of prompting.
Manual prompting is infeasible when an image contains many cells, and uniform
grid prompting may miss dense or irregularly distributed objects. Detector-guided
prompting converts a general mask decoder into an automatic cell segmentation

system.

1.8 From Cell Segmentation to FTU Segmentation

Cell segmentation is necessary for single-cell biology, but it is not sufficient for
tissue-level interpretation. FTUs are larger, more heterogeneous, and more context-
dependent than cells. Their boundaries may be defined by epithelial organization,
luminal structure, basement membrane, vascular compartments, local cell density,
or tissue texture. Their interiors may be hollow or weakly stained. Neighboring

FTUs may be separated by subtle anatomical cues.

Chapter 5 therefore moves from cell-level promptable segmentation toward FTU-
Rader, a scale-dynamic FTU pipeline. The implemented design uses whole-slide
tiling and Macenko stain normalization*!. FTUFinder localizes candidate units and
estimates scale*?; dynamic crop scaling presents objects to the mask decoder at a
suitable size; and the SAM2 promptable mask decoder generates the final predic-
tion?2,

1.9 Motivation and Organization of This Thesis

The chapters that follow form a progression from controlled data infrastructure to

multiscale biological segmentation.

Chapter 2 addresses the data and evaluation foundation. It develops the Cell
Preprocessing and Evaluation Workflow for converting biological annotations, pre-
serving small-object masks, tiling large images, normalizing heterogeneous inputs,
and reporting harmonized object-level metrics. This chapter makes later model

comparisons controlled and interpretable.

Chapter 3 studies segmentation under limited annotation. It introduces Equivari-

ant Mask2Former as a way to connect query-based segmentation with finite rota-
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tion/reflection equivariance in microscopy. Its role in the thesis is to test whether
rotation-aware inductive bias can improve data efficiency before relying on large-

scale foundation-model training.

Chapter 4 presents CellSAM as the foundation model stage for cell segmentation.
It focuses on automatic bounding box prompting and broad cell segmentation across
biological imaging domains. The chapter provides the cell-scale generalist model

that motivates the final transition to tissue-unit segmentation.

Chapter 5 extends the thesis from cells to FTUs. It treats functional tissue units as
the biological scale that links cellular organization to organ architecture, and devel-
ops a scale-dynamic detector-prompted approach for segmenting FTUs in whole-
slide tissue images. This chapter closes the thesis by moving from single-cell

segmentation to tissue-unit-level biological measurement.

Table 1.1: Thesis roadmap

Chapter Scale / problem Role in the cells-to-FTUs narrative
Chapter 2 Data conversion and evalua- Establishes reliable preprocessing,
tion mask fidelity, and object-level met-
rics.
Chapter 3 Cell segmentation under Tests geometric inductive bias for
limited labels data-efficient biological segmenta-
tion.
Chapter 4 Generalist cell segmentation Presents detector-guided promptable
segmentation for cell instances.
Chapter 5 FTU segmentation Extends promptable segmentation

to tissue-unit objects with scale-
dynamic adaptation.
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Chapter 2

CELL PREPROCESSING AND EVALUATION WORKFLOW
FOR CONSISTENT SEGMENTATION STUDIES

2.1 Introduction

Robust cell segmentation depends on more than the accuracy of a segmentation
model. It also depends on whether images, annotations, and metrics define the same
measurement problem before training or evaluation begins. Microscopy datasets
differ in file format, object scale, channel layout, stain distribution, annotation
convention, and object density. The same field of view may be represented as a
dense label image, a collection of polygons, a run-length encoded mask, or a standard
annotation format such as COCO JSON!, Pascal VOC?2, YOLO labels>, or SA-1B
mask records®. If these representations are converted inconsistently, a benchmark

can measure annotation artifacts rather than model behavior.

This problem is amplified in cellular images. Cells, nuclei, and bacteria can occupy
only a small number of pixels, while dense tissue images may contain hundreds or
thousands of annotated objects in a single field of view. General-purpose annotation
formats and rasterization utilities were developed mainly for natural-image objects
that often span tens to hundreds of pixels in each dimension. When these encoders
are used to transcode tiny biological annotations, lossy polygon approximation or
coordinate rounding during conversion can introduce substantial boundary errors.
A one-pixel shift may matter little for a large natural object but can dominate the

measured boundary of a small cell mask.

Metric terminology also differs between biological segmentation software and gen-
eral computer-vision benchmarks. A metric that appears reasonable for semantic
segmentation can hide merged cells, split cells, or duplicated detections at tile
boundaries. For example, in the Cellpose family, the metric named average preci-
sion (AP) is computed from matched objects as TP/(TP + FP + FN) at specified
ToU thresholds®®. This differs from the conventional object-detection definition of
AP as the area under a precision—recall curve, as used in COCO evaluation!. As
a result, preprocessing and evaluation are not peripheral engineering details; they

define the measurement instrument used by the rest of the thesis.

The central claim of this chapter is that preprocessing and evaluation define the
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measurement instrument for cell-segmentation studies. A useful workflow must
preserve small-object masks, record data-transform choices, and report object-level
metrics with unambiguous definitions. The Cell Preprocessing and Evaluation
Workflow organizes these steps for the later chapters of this thesis. It converts
heterogeneous microscopy annotations into a canonical instance representation and
checks common failure modes in mask conversion. It then preprocesses large images
through configurable tiling and normalization, merges datasets when needed, and
reports dataset statistics. Models can also be evaluated through normalized object-

level metrics derived from shared matched-object counts.

Recent cell-segmentation resources show why such a controlled workflow is needed.
LIVECell®, TissueNet/Mesmer'?, PanNuke!!, and the 2018 Data Science Bowl!?
each made important progress in cellular or nuclear segmentation, but they differ
in modality, annotation target, file organization, and evaluation practice. The Cell
Tracking Challenge further illustrates that object identity and matching rules can be
as important as pixel overlap when segmentation outputs are used for downstream
biological quantification'®. A shared preprocessing and evaluation workflow makes
these differences inspectable before they become hidden confounders.

This chapter does not claim that a single data format or metric is optimal for every
task. Instead, it argues that each conversion, preprocessing, and evaluation choice
should be explicit, checked where possible, and held constant when models are
compared. Chapter 3 uses these definitions to evaluate data-efficient equivariant
segmentation models. Chapter 4 relies on the same conversion and object-matching
logic to compare a generalist cell segmentation model across modalities. Chapter 5
extends the same principles to whole-slide tiling, stain normalization, and instance-

aware functional tissue unit segmentation.

2.2 Results

The workflow defines a shared measurement pipeline

Figure 2.1 summarizes the preprocessing and evaluation workflow used in the thesis.
The workflow has a bidirectional format-conversion layer and two main modules.
The conversion layer imports biological microscopy images and instance annota-
tions, exports COCO-compatible detection/segmentation records for model training,
and converts COCO annotations or predictions back into biological microscopy for-
mats such as dense instance masks. The preprocessing module tiles and normalizes

large images while preserving provenance. The evaluation module reports metric
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summaries that distinguish object matching, pixel overlap, and dataset-level aggre-

gation.

Biological w /General CcVv ‘\
Cellpose .' UItrCIIytiCS
YOoLOT

, Y ’
Cell Preprocessing and <:> w \'l|Detection
Deep ¢ Evaluation Workflow >-

.
¢6 Detectron2
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Figure 2.1: Overview of the preprocessing and evaluation workflow. The work-
flow connects biological microscopy formats and COCO-format records through a
bidirectional conversion layer, then applies two main modules: preprocessing for
tiling, normalization, filtering, and dataset merging, and evaluation for statistics
and metrics such as precision, recall, object-level F1/Jaccard, and COCO AP/AP50
when confidence scores are available.

The design follows four principles. First, source data should be preserved as faith-
fully as possible while derived training formats are made consistent and traceable.
Bioimage formats such as OME-TIFF and OME-NGFF address metadata and mul-
tiscale image storage, whereas machine-learning frameworks often require arrays,

14-16 A preprocessing work-

tiles, and object annotations in task-specific layouts
flow therefore sits between source microscopy image formats and model-specific

dataloaders.

Second, annotation conversion should be loss-aware. COCO provides a widely used
representation for object detection and instance segmentation and defines standard
AP/AR evaluation protocols!. However, COCO polygons, compressed RLE, and
dense label masks are not interchangeable for small biological objects. The workflow
therefore treats conversion as a checkable operation rather than a neutral file-format

change.

Third, preprocessing should separate biological choices from computational choices.

Cropping a whole-slide image into tiles, clipping intensities, applying contrast-
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limited adaptive histogram equalization (CLAHE), matching histology stains, or
filtering empty tiles can be necessary for computation, but these operations alter the
data presented to the model. They should therefore be parameterized, recorded, and

applied consistently across experiments!7—29,

Fourth, evaluation should report what is biologically meaningful. Pixel overlap,
object detection, instance separation, and image-level summaries answer different
questions. Recent work has emphasized that segmentation metrics in bioimage
analysis are frequently misinterpreted when the level of analysis is not specified?!.
The workflow therefore treats metric definitions as first-class components rather

than post hoc scripts.

The contribution is a practical integration rather than a replacement for existing stan-
dards. COCO, OME, Detectron2, Cellpose, DeepCell, and StarDist each solve im-
portant parts of the segmentation workflow!-3-1413-22-24 The Cell Preprocessing and
Evaluation Workflow connects these tools through a bidirectional conversion layer:
biological microscopy images and masks can be exported to COCO-compatible
training records, and COCO annotations or predictions can be converted back into
microscopy-oriented instance masks. Around this conversion layer, the workflow
provides two shared modules: preprocessing for tiling, normalization, filtering, and
dataset merging, and evaluation for object-level and pixel-level metrics computed

from matched-object counts.

Loss-aware conversion preserves small biological masks

The workflow uses a canonical internal representation consisting of an image ar-
ray, spatial metadata when available and a set of instance records. Each instance
record contains a category label, a bounding box, an area, an optional polygon rep-
resentation, and either an RLE representation or a dense binary mask when exact
mask fidelity is required. This representation is intentionally redundant: redun-
dancy allows conversion outputs to be checked against each other before a dataset

is exported.

Dense label images are often the most reliable source for biological instance masks
because every object identity is represented at pixel resolution. They are common
in biomedical segmentation datasets and can be stored as integer-valued TIFF, PNG,
HDFS5, or Zarr arrays. Polygon annotations are compact and convenient for manual
annotation tools, and they are used by dataset formats, software frameworks, and

annotation platforms such as COCO', Detectron2??, and the Roboflow Supervision
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library>. RLE stores masks losslessly relative to a raster grid and is also used in
large mask datasets such as SA-1B*, making it useful when bit-exact object masks
are required. The workflow treats dense labels or RLE as the preferred truth source

when small-object boundary fidelity matters.

For compatibility with common computer-vision training and evaluation frame-
works, the workflow exports datasets to COCO JSON with image records, anno-
tation records, category metadata, and segmentation fields. Bounding boxes are
derived from binary masks using a single convention for inclusive and exclusive
pixel ranges. Areas are computed from the raw masks used for training or evalua-
tion, not from a separate polygon formula, unless a specific experiment intentionally

studies polygon-derived area.

Importing COCO annotations is handled symmetrically. Polygon and RLE annota-
tions are decoded into binary masks; category IDs are mapped to biological labels;
invalid or empty masks are filtered; and every annotation is assigned a unique
instance identifier. The conversion step records summary statistics such as object
count, mask area distribution, empty annotation count, and objects per image. These

summaries are used to catch common failures before training begins.

The need for loss-aware conversion is visible in a small-object failure case. A
polygon boundary shifted by one pixel can substantially change IoU, Dice score,
and measured area when an object spans only a few pixels. Figure 2.2 shows this
failure mode for the tested COCO polygon-decoding path. In this example, the
source of the error is the COCO API rleFrPoly() conversion, where coordinate
rounding with +0. 5 is not bit-perfect for these small masks. In the current validation
record, 24 of 100 annotations produced incorrect decoded masks. For one 15 %23
pixel object shown at 8 X magnification, the erroneous mask is shifted approximately
one pixel toward the upper left along its boundary, corresponding to about a 20%
annotation error for that object. An error of this magnitude is not a minor formatting
artifact; in a small-object benchmark, it can be large enough to change the apparent

quality of a model.

To estimate the possible effect of this conversion error on evaluation, the same

t19 encoded with two

trained model was benchmarked on the same TissueNet subse
mask-representation methods: one preserving bit-perfect masks with RLE and one
using the problematic polygon-derived masks. The overall COCO AP decreased
from 68.727 to 48.598 when the problematic polygon masks were used, and AP75

decreased by 30.794 points (Table 2.1). The larger drop at stricter IoU thresholds
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Figure 2.2: Small-object mask error during COCO polygon decoding. a, The
COCO API conversion is not bit-perfect for small masks in this validation example,
producing incorrect masks for 24 of 100 annotations. b, A 15x23 pixel object
shown at 8 X magnification. The left mask is the correct raster annotation, whereas
the right mask is the incorrectly decoded annotation. The erroneous mask boundary
is shifted approximately one pixel toward the upper left, producing about a 20%
annotation error for this object.

is consistent with the visual error in Figure 2.2: small boundary shifts may have
limited effect at loose matching thresholds but can strongly change whether a small

object is counted as a correct instance at higher thresholds.

Table 2.1: Mask encoding changes small-object COCO AP on a TissueNet
subset. The same trained model was evaluated on the same TissueNet subset
encoded in two ways: a bit-perfect RLE mask representation and a polygon-derived
mask representation affected by the decoding error shown in Figure 2.2. This
comparison isolates the effect of annotation encoding: lower scores in the polygon-
derived condition reflect evaluation against shifted or distorted masks rather than a
different model or dataset.

Mask representation AP AP50 AP75 APs APm APl

RLE bit-perfect mask 68.727  95.134 80.272 68.724  76.004 N/A
Polygon problematic mask 48.598  91.069 49.478 48.585 69.597 N/A
Difference: RLE — Polygon +20.129 +4.065 +30.794 +20.139 +6.407 N/A

A practical workaround is to use a single rasterization convention for both direc-
tions: encode masks with cv2. findContours() and decode the resulting contours
with cv2.£i11Poly(). This contour-based round trip avoids the non-bit-perfect
rleFrPoly() rounding in the tested examples. However, it is not a drop-in re-
placement for RLE or dense masks. In the current implementation it is safest for
simple, hole-free objects; masks with holes, strong concavities, touching instances,

or self-intersections should still be preserved as dense labels or RLE.
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Preprocessing tiles large images into model-ready training crops

Many microscopy images are too large to process as a single tensor. Whole-slide
images can be gigapixel-scale, and high-resolution fields of view can exceed GPU
memory even when the biological objects are small. The preprocessing module
therefore performs a one-way data-preparation step: it converts large microscopy
images and their instance annotations into fixed-size crops for model training or

inference. The workflow supports configurable tile size, stride, and overlap.

The tiling step also controls object density in each crop. Dense cell images can
contain more annotated instances than a model can handle in one input image, for
example because the detector has a limited number of queries or the mask model has
a practical object limit. The workflow can therefore enforce a maximum annotation
count per tile, ensuring that exported training crops do not exceed the model’s

capacity.

Microscopy modalities differ strongly in intensity distribution and channel seman-
tics. Fluorescence images may contain one or more channels with sparse signal
and uneven illumination. Phase-contrast and bright-field images encode cell bound-
aries through low-contrast interference patterns. Hematoxylin and eosin (H&E)
slides vary with staining protocol, scanner, and tissue preparation. A preprocess-
ing workflow must normalize these inputs without erasing biologically meaningful

signal.

The workflow supports simple per-channel scaling, percentile clipping, histogram
equalization, CLAHE, and optional stain normalization for histology images'’2°.
These operations are not treated as automatically beneficial. Instead, the workflow
provides them as selectable normalization options, allowing each experiment to

choose the transformation most appropriate for its modality and modeling goal.

Dataset merging is necessary when training or comparing generalist segmentation
models. The workflow merges COCO-format datasets by remapping image IDs,
annotation IDs, and category IDs; copying or linking image assets; and validating
that file paths, dimensions, and annotation counts remain consistent. It can filter
empty tiles, invalid annotations, zero-area masks, disconnected labels, and objects

outside the image boundary.

In addition to converting annotations, the workflow writes dataset-level summaries
into the exported COCO JSON so that each training or evaluation split carries its

own summary record. The standard COCO fields, including info, licenses,
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images, categories, and annotations, are preserved. The workflow also adds
summary fields such as dataset_stats and image_stats. These fields record
the total number of images and annotations, the maximum number of annotations
per image, the image containing that maximum count, image-intensity statistics such
as mean, standard deviation, minimum, and maximum value, and the image data
type. Figure 2.3 shows an example JSON tree generated by this process. Storing
these statistics directly in the COCO file makes later debugging easier because
preprocessing choices, dataset size and object-density summaries travel with the

annotations used by downstream training and evaluation code.

| root
@ info
description "public_train/kidney/image"
url ™
version "1.0"
year 2026
contributor "Please refer to the paper"
date_created "2026-01-03"
B dataset_stats
total_annotations 337
max_anno_per_image 7
max_anno_image_id 100000027
B image_stats
total_images 99
O mean(] 3items
g std [] 3items
g max [] 3items
g min [] 3items

dtype "uint8"
licenses [] 1item
images [] 99 items

categories [] 1item
annotations [] 337 items

Figure 2.3: Example dataset statistics stored in an exported COCO JSON file.
In addition to standard COCO fields, the workflow records dataset-level annotation
counts and image-level summary statistics that can be checked before model training
or evaluation.

This machinery is central to the thesis arc. Chapter 4 depends on merged hetero-
geneous cell datasets to train and evaluate a generalist model. Chapter 5 reuses the
same concepts to construct a mixed multi-organ FTU dataset for FTUFinder training

and evaluation.

Parallel execution reduces preprocessing turnaround time

Large microscopy datasets make preprocessing throughput a practical bottleneck.
FTUFinder, for example, requires converting many whole-slide-derived crops across
a mixed multi-organ FTU dataset before model training and evaluation. These steps

include image loading, mask conversion, filtering, statistics extraction, and COCO
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JSON writing, all of which become expensive when repeated over thousands of tiles
or annotations. The workflow supports parallel preprocessing so that independent

images or crops can be processed by multiple worker processes.

Table 2.2 reports the processing time for 30 FTU dataset variants under different
numbers of worker processes. These variants are the five organ-associated FTU
categories used in Chapter 5 and summarized in Table 5.1, each in three official
splits and two size versions (original resolution and crops of 1024 x 1024 pixels),
giving 5x3x2 = 30 preprocessing units; this chapter reports only the preprocessing
runtime experiment. The benchmark was run on a server with 2 X AMD EPYC
7763 64-Core processors, 2 TB DDR4 2933 MT/s memory, NVMe SSD storage,
Ubuntu 24.04 and Python 3.10. Increasing from one to eight processes reduces
runtime from 864.85 s to 146.55 s, a 5.90x speedup with 73.8% parallel efficiency.
Additional workers continue to reduce wall-clock time, reaching 93.44 s with 32
processes, although efficiency decreases as coordination and I/O overhead become

more important.

Number of processes Time (s) Speedup vs. 1 process Parallel efficiency

1 864.85 1.00x 100.0%
8 146.55 5.90x 73.8%
16 106.60 8.11x 50.7%
32 93.44 9.26x% 28.9%

Table 2.2: Parallel preprocessing performance on the 30 FTU dataset vari-
ants. Increasing the number of worker processes substantially reduces wall-clock
processing time, while the declining parallel efficiency reflects increasing I/0 and
coordination overhead at higher process counts. Dataset details are reported with
the Chapter 5 FTU experiments.

2.3 Methods and Evaluation Protocol

Instance matching

Object-level evaluation begins by matching predicted masks to ground-truth masks.
Let G = {gi}f.\; , be the ground-truth objects in an image and P = {p; }j‘/[: , be the
predicted objects after any package-specific filtering, thresholding, or ranking. For
each pair, the intersection over union (IoU) is

lgi N pjl
lg: U pjl
At athreshold 7, a prediction is a true positive (7 P) if it is matched to one previously

IoU(gi,p;) = 2.1)

unmatched ground-truth object with IoU > 7. Unmatched predictions are false
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positives (F'P), and unmatched ground-truth objects are false negatives (FN). The
one-to-one matching rule is essential: it penalizes both over-segmentation, where
one cell is split into several predictions, and under-segmentation, where several
cells are merged into one prediction. Because different evaluation packages can
apply different matching criteria, score filters, area filters, and IoU thresholds, the

workflow treats TP, FP and FN as the common interface between evaluators.

Package-specific evaluators can differ in their matching and filtering rules. For
COCO, DeepCell, Cellpose, and StarDist'>?324 the workflow therefore records
the matched-object counts produced under the relevant settings and recomputes

summary metrics from those counts when direct comparison is needed.

Object-level precision, recall, F1 and Jaccard
For a chosen IoU threshold and score threshold, object-level metrics are computed
from the numbers of true-positive, false-positive, and false-negative instances. The

workflow reports precision and recall as

TP TP
Precision = ——, Recall = ——. (2.2)
TP+ FP TP+ FN

It also reports object-level F1 and Jaccard summaries:

2TP Jaceard TP
, accardgpiect = .
XTP+ FP + FN obect = Tp L FP + FN

Flobject = (2.3)

These definitions use object counts after one-to-one instance matching, not pixel
areas. Thus, the object-level F1 value reported here should not be confused with

pixel-level Dice for binary mask overlap.

Pixel-level Dice and IoU are computed from foreground pixels as

2|Pfg N Gfgl |Pfg N Gfgl

_ IoUyixe] = —————, 2.4)
|Ptg| + |Grgl P Py U Gy

where Py, is the predicted foreground pixel set and Gy 18 the ground-truth foreground
pixel set. Reporting both object-level and pixel-level metrics prevents semantic

foreground overlap from being mistaken for correct instance separation.

Average precision, average recall and evaluation level
Average precision summarizes the precision—recall curve obtained by ranking pre-
dictions by confidence. In COCO instance segmentation, AP is computed across

multiple IoU thresholds, commonly 7 € {0.50,0.55,...,0.95}, and may also be
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reported at specific thresholds such as AP50 and AP75'. Average recall summa-

rizes the maximum recall achieved under related matching and detection limits.
These metrics are useful because they account for both localization accuracy and

confidence ranking.

If a model produces confidence scores, this workflow reports COCO AP and AP50.
Dense cellular datasets may contain more objects per image than typical natural-
image benchmarks, so the maximum-detection parameter must be chosen deliber-

ately rather than inherited blindly.

The main reporting distinction is whether a score is interpreted at the object level or
the image level. Object-level evaluation asks whether individual cells are detected
and matched correctly. Image-level evaluation asks how well each image performs
as an experimental unit. The workflow exposes both views so that later chapters can

report metrics at the level most relevant to the biological question.

2.4 Discussion

The main contribution of this chapter is to make preprocessing and evaluation
choices explicit and consistently applied across the thesis. In cell segmentation,
hidden data conversion steps can alter the object being measured. A model may
appear to improve because empty tiles were filtered differently, because small masks
were lost during polygon conversion, because tile-boundary duplicates were counted
differently, or because object-level and pixel-level metrics were mixed. Standard-
izing these steps makes model comparisons more interpretable because the data

representation and metric definitions remain fixed while the model changes.

The workflow also separates shared preprocessing and evaluation choices from
chapter-specific modeling. Chapter 3 can focus on whether equivariant feature
hierarchies improve low-label cell segmentation because the training data and AP
definitions are controlled. Chapter 4 can compare generalist and specialist cell
segmentation models across modalities because annotation conversion and object
matching are held fixed. Chapter 5 can extend the same ideas to FTU segmentation,
where tiling, stain normalization, instance conversion and detector-prompted mask
evaluation become even more important. In this sense, the chapter supplies the

measurement discipline that makes later architectural claims interpretable.

Several limitations remain. The precise behavior of COCO polygon decoding
and area calculation depends on software versions, coordinate conventions and

rasterization choices; these should be documented with tests. Normalization can
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improve robustness but can also distort biologically meaningful intensity differences,
so it should be treated as a controlled preprocessing condition rather than a default
truth. The contour-based workaround for small masks may not preserve complex
topology, so RLE or dense labels remain safer for masks with holes, strong concavity,
or touching instances. Finally, when handling very large whole-slide images, dense
binary masks can consume substantial memory; the implementation should therefore
be updated to process masks block by block rather than loading full-resolution masks

at once.
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Chapter 3

EQUIVARIANT MASK2FORMER FOR CELL SEGMENTATION

Equivariant Mask2Former|

/Example Segmenteh

Cellular Images

Individual Cell
Mask Prediction

7 Diverse N
Cellular Inputs

C. Elegans

Segmented
Cellular Image

SO m '
Cells

Figure 3.1: Overview of the Equivariant Mask2Former workflow. Cellular images
are processed by a Mask2Former-based architecture with an equivariant feature-
processing path and a standard transformer decoder that predicts individual cell
masks and produces instance-segmented cellular images.
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3.1 Introduction

Cell segmentation converts microscopy images into object-level measurements that
can be counted, tracked, and related to molecular state. In many biological settings,
however, the annotation budget is small. Labels may require expert review, cell
boundaries can be ambiguous, and datasets often differ in modality, specimen type,
staining strategy, resolution, and object density. A practical segmentation model
should therefore learn efficiently from limited data while remaining flexible across

nuclei, whole cells, bacteria, yeast, and other biological objects.

Microscopy also has a useful geometric structure. For many cell-segmentation
problems, in-plane rotations and reflections change the coordinate frame of the
image but not the identity of the biological object. A round nucleus, an elongated
bacterium, or a worm can appear at many orientations, and the segmentation mask
should rotate with the image. This is an equivariance requirement, not an invariance
requirement. If f maps an image to a mask and g € G indexes a geometric

transformation, segmentation ideally satisfies

f(Tex) =Ty f(x), g€G. (3.1)
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Here T, is the operation associated with g on the input image x, while T} is the
corresponding but distinct operation on the output prediction f(x). The prime
is important: T, and T} are indexed by the same group element, but they act on

I Classification often seeks invariance, which

different spaces or representations
can be viewed as the special case where Ty is the identity; segmentation requires the

output coordinates to co-vary with the input.

Standard convolution gives translation equivariance through weight sharing, but it
does not give exact rotation or reflection equivariance. The usual workaround is
data augmentation: show the network many rotated and flipped examples so that it
learns approximate orientation robustness. Augmentation is useful, but it spends
data and optimization capacity learning a regularity that can be encoded directly.
Group-equivariant and steerable networks instead share filters across transforma-
tions, constraining feature maps to transform predictably under a chosen group®=.
This chapter asks how far that prior can be carried into a modern transformer-based

segmentation architecture.

Mask2Former is an attractive base model because it frames segmentation as query-
based mask prediction rather than as dense per-pixel classification alone®. Object
queries interact with multi-scale image features, and masked attention focuses each
query on regions that are likely to belong to its predicted mask. This design is useful
for cellular images because it can represent instances directly and can, in principle,
separate touching or overlapping objects without hand-designing a different output
representation for every cell type. The limitation is that a vanilla Mask2Former
inherits the geometric behavior of its feature extractor and attention stack; it is not

rotation-equivariant by construction.

This chapter studies Equivariant Mask2Former, a Mask2Former-based instance seg-
mentation pipeline in which the ResNet encoder and FPN pixel decoder are replaced
with finite rotation/reflection-equivariant modules built with escnn*’. The trans-
former decoder is retained as the standard Mask2Former masked-attention decoder.
The goal is diagnostic: to test when explicit finite-group feature processing improves
training under limited annotation, reduced augmentation, or missing pretraining, and
when its computational cost outweighs its benefit. This question motivates Chapter
4, which moves from architectural priors toward detector-guided foundation-model

adaptation. The chapter makes three contributions:

1. It adapts a Mask2Former-based instance segmentation pipeline by replacing
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the image feature-processing path with finite rotation/reflection-equivariant

escnn modules while retaining the query-based mask decoder.

2. Itorganizes the evaluation around controlled factors that matter for annotation-
efficient microscopy: augmentation, pretraining, backbone equivariance, and

pixel-decoder equivariance.

3. It frames equivariance as a cost-benefit tradeoff by pairing accuracy-oriented

comparisons with runtime, memory, and limitation analysis.

3.2 Related Work

Cell and microscopy segmentation

Classical biomedical segmentation architectures such as U-Net established that con-
volutional encoder-decoder models can work with limited biomedical labels when
combined with careful augmentation®. Later cell-specific systems incorporated
stronger object priors. StarDist represents objects with star-convex polygons’; Cell-
pose uses flow-field representations for cellular masks'®!!; Mesmer targets whole-
cell and nuclear segmentation in tissue images'?; Omnipose extends flow-based
segmentation to elongated bacterial morphologies'. These methods show that cell
segmentation benefits from biological priors, but they also illustrate a recurring
tradeoff: a representation tuned for one morphology or imaging regime may require
adaptation for another.

The datasets used in this chapter follow this theme. They include TissueNet tissue
segmentation and C. elegans images from the Broad Bioimage Benchmark Collec-
tion!>!4. These datasets test complementary regimes: TissueNet provides a larger
tissue-cell dataset, whereas C. elegans provides a small-data setting with elongated

and overlapping biological objects.

Transformer-based segmentation

Transformers introduced a general attention mechanism for sequence modeling!?,
and vision transformers adapted attention to images through patch-based represen-
tations'®. Work has shown that they are capable of generalizing across a wide range
of tasks and data modalities!”. For imaging data, attention can capture both local
and global relationships across length scales. Swin Transformers!® have proven
effective at feature extraction from images at different resolutions and object densi-
ties. DETR showed that detection can be formulated as set prediction with learned

object queries!®. Mask2Former extends this family by using masked attention and a
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unified segmentation interface for semantic, instance, and panoptic segmentation®.
It offers several advantages over existing cell segmentation methods. First, instance
segmentation is posed as a set prediction task, in principle allowing for the segmen-
tation of overlapping objects. Second, the model uses query vectors to learn what
counts as an object, so it can learn object-level representations directly instead of

relying only on local boundary or distance-map cues.

Group equivariant networks

Group-equivariant CNNs extend convolution from translations to larger symmetry
groups by sharing filters over transformed copies of a pattern’. The steerable
CNN framework generalizes this idea through group representations and constrained
kernels, allowing feature fields to transform according to prescribed transformation

34

laws Harmonic networks provide another route by using circular harmonics

to obtain translation and rotation equivariance®. In biomedical imaging, roto-
translation equivariant networks and rotation-equivariant microscopy models have
shown that explicit symmetry can improve robustness or reduce the amount of
augmentation needed in orientation-variable image analysis?*?!.

Equivariant attention

Attention layers are not automatically equivariant, particularly when positional en-
codings and tokenization break the transformation structure of the image. Several
works therefore modify attention with group-aware positional encodings or equiv-
ariant feature types, including the SE(3)-Transformer®?, LieTransformer??, group-
equivariant self-attention?*, and E(2)-equivariant vision transformers?>. These
works motivate equivariant transformer decoders, but the implementation in this
chapter is more conservative: equivariance is introduced into the convolutional
feature hierarchy, while the Mask2Former decoder is treated as a non-equivariant

consumer of equivariant or projected image features.

3.3 Method

This section introduces the implemented Equivariant Mask2Former architecture.
The model retains the query-based mask decoder from Mask2Former®, but changes
the image feature-processing path so that the ResNet encoder and FPN pixel decoder
use finite rotation/reflection-equivariant modules. Cellular image data often have no
canonical in-plane orientation, so this prior is a plausible way to reduce dependence

on rotation and flip augmentation. The experimental question is not whether equiv-
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ariance is always better, but when this inductive bias helps under limited labels,

missing pretraining, or weak augmentation.

In the following section, we describe the construction of the equivariant architecture.

Architecture Overview

The model adopts an encoder-decoder architecture based on Mask2Former®. It
has three parts. First, an image encoder projects the input image into a higher-
dimensional feature map. Second, a pixel decoder upsamples and fuses multi-scale
feature maps. Third, the standard Mask2Former transformer decoder processes the
pixel-decoder features with object queries to predict cell masks. An overview is

shown in Figure 3.2.

Designing Equivariant Image Encoders
Image encoders embed images into higher-dimensional feature representations. For

26 a convolutional architecture with

visual tasks, a common design choice is ResNe
residual connections. ResNet encoders have many parameters, making them sensi-
tive to training-set size. When training data are limited, it is common to initialize
image encoders from larger available corpora such as ImageNet®!?. Cellular im-
age data differ from natural images, and an ImageNet-scale corpus with matching

microscopy modalities is not available for every biological segmentation task.

One solution is to train the image encoder from a random initialization. However,
in the absence of large amounts of training data, this leads to significant overfitting
and poor performance, as we show in our experiments. For the domain of cellular
images, we propose equivariant image encoders. Equivariant image encoders ex-
ploit the underlying regularities that exist in data to increase the model’s statistical
efficiency. A common geometric prior, or regularity, that exists in cellular images
is symmetry. Specifically, translations, rotations, and reflections are isometries of
Euclidean space. The full continuous symmetry group is the Euclidean group, E(2),
but the implemented model uses a finite rotation/reflection subgroup of this group.
We therefore define the feature transformations with respect to the finite group used

in the code rather than claiming equivariance to all of E(2).

Definition of equivariance.

Mathematically, for a group G, equivariance is a property of an operator f : X — Y

(e.g., a neural network layer) that commutes with the group action. Using the T,/T,
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Figure 3.2: Architecture of Equivariant Mask2Former. The image encoder and pixel
decoder produce multi-scale image features, and the masked-attention transformer
decoder predicts cell-instance masks from object queries.
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format, this means
f(Tex) =Ty f(x), g€G, xeX. (3.2)

Here T, : X — X is the transformation applied to the input x, and 7, : ¥ — Y is
the corresponding but distinct transformation applied to the output or feature value
f(x). Thus g names the abstract group element, while 7, and T, specify how that

same element is represented on the two spaces.

Finite rotation/reflection-equivariant convolutions.

A regular convolution of an input f with filter w, defined as
(wo )(x) = Fw(y-x) (3.3)
y

is translation equivariant: if z, shifts an image by displacement a, then

Wo(taf) =Z‘a(WOf). (3.4)

This property does not make a standard convolution equivariant to rotations or
reflections. In this chapter, the additional symmetry group is the finite dihedral
group implemented by escnn’s flipRot2dOnR2(N=8) gspace. This group can
be written as G = Cg = C,: eight rotations by multiples of 27/8 together with a
reflection, giving 16 group actions. The spatial translations are still handled by the
convolutional structure, while the steerable layer controls how channels transform
under G.

The formulation below follows the lifting, group-convolution, and projection view of
roto-translation covariant CNNs20, specialized here to the finite rotation/reflection
group used by escnn. It is useful to separate the first lifting step from later group-
equivariant convolutions. A lifting convolution maps a planar signal to a feature

field indexed by position and a finite group element,

(Luf)(x.8) = D fFIw(™ (y-x)), geG. (3.5)
y

For rotations alone, g may be denoted by an angle 6, yielding the familiar expression
(Lwf)(x,0) = 2, f(y)w(R;l(y — x)). In our implementation, however, g also
includes the reflection element, so the output domain is Z? X G, not only Z? x ©.
Subsequent steerable convolutions map between feature fields whose channels carry
specified representations of G; they are not merely ordinary convolutions over an

angular index.
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After lifting, a group feature can be written as F : Z?> x G — R¢ . With the same
correlation convention used above, a group convolution with kernel K produces
F’ : 7> X G — RCu by

F'(x,h) = Z ZK(h_l(y—x),h_lg)F(y,g), heg. (3.6)

yeZz gEG
The kernel is therefore indexed by a spatial offset expressed in the output frame and
by the relative group element between the input and output feature types. For the

7

=00 this becomes

rotation-only example G = Cg = {R;}

7
F(x,Rp) = " > K(Rj(y = x),Rij)F(y, R}, 3.7)

yez? i=0
with orientation indices taken modulo 8. Thus the output slice at orientation R;
compares every input orientation R; to a kernel slice at the relative orientation R;_;,
while rotating the spatial offset into the R; output frame. The reflection case used by
flipRot2dOnR2 (N=8) follows the same formula with G = Cg = C; and 16 group

elements instead of eight rotations.

To return a group-indexed feature field to an ordinary feature map on R?, one can

pool over the fiber G at each spatial location. Average and max fiber pooling are

(PusF)() = 22 VP (PraF)0) =mix g (38)
geG

applied channel-wise. In the rotation-only Cg case, Pay F(x) = % Z;=o F(x,R;)and
PraxF (x) = max; F(x, R;). If the input is rotated by Ry, the group action rotates the
spatial coordinate and cyclically permutes the orientation index; summing or maxi-
mizing over all orientations removes this index, giving P(T, F)(x) = P(F) (R;lx).
Fiber pooling therefore maps group features back to R? scalar-field features: the
feature map still moves spatially with the image, but it no longer carries an explicit

orientation or reflection channel.

Constructing an equivariant convolution.

We describe how a convolutional layer in a CNN or a ResNet can be made equivari-
ant. CNNs succeed in computer vision in large part because they have translational
equivariance (shifts in the inputs lead to shifts in the outputs) built in. The theory of
Steerable CNNs>* provides a framework for extending the translational equivari-

ance that exists in CNNs to other transformations such as rotations and reflections.
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We use the escnn PyTorch library*” to create convolutional layers equivariant to the
finite group G = Cg = C,. The library specifies the gspace, the input and output
FieldTypes, and the representation carried by each feature field. It also supports
lifting from image-domain scalar fields to regular-representation feature fields and

pooling or projection back to ordinary image-domain tensors when needed.

Integrating Equivariance into Mask2Former Architecture

We apply finite rotation/reflection equivariance to the feature-processing path, which
requires altering two components of the Mask2Former architecture: the backbone
(ResNet-50) and the pixel decoder (Feature Pyramid Network, FPN). We use the
PyTorch package escnn™’ to rebuild both of these networks. This library provides
a way of defining common neural network components (e.g., convolutions, non-
linearities, and normalizations) with respect to a specific symmetry group acting
on R?. In the following section, we describe the specific changes made to the
ResNet-50 and FPN to make them equivariant. We keep the original transformer
mask decoder; it receives the processed image features and retains the standard

Mask2Former query-decoding interface.

The implementation uses the escnn®’ package to define feature fields and equivariant
layers. The GSpace class specifies the symmetries with respect to which the network
should be equivariant. In this chapter, we use the flipRot2dOnR2(N=8) gspace. This
represents eight discrete rotations by multiples of 277/8 and a flip action, giving 16
distinct transformations (or group actions). To make the network equivariant with
respect to these transformations, we specify a deterministic transformation law for
the feature space induced by transformations of the input space. This is achieved
using the R2Conv class, which creates G-steerable planar convolutions mapping
between input and output FieldTypes. A FieldType describes both the base space on
which a feature field lives and the representation of the chosen group carried by its
channels. Given this transformation law, R2Conv defines convolutions equivariant
to the finite rotation/reflection group. Instead of providing only the number of input
and output channels to R2Conv, we specify the input FieldType and output FieldType

with their multiplicities.

Equivariant ResNet and FPN.

227

We base our ResNet on the Detectron2<’ implementation. The first equivariant

submodule, the stem, maps an RGB input image to a feature space with a specified
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FieldType and multiplicity (channels). To maintain a similar number of parameters
and dimensionality as the original ResNet implementation, the three color channels
of an RGB image are identified as three independent scalar fields, which transform
under the trivial representation (with multiplicity equal to 3) to an output of 4 feature
fields of regular representations (with multiplicity 4). This maps RGB (3 channels)
to feature space (64 channels) because the regular representation with N=8 discrete
rotations multiplied by 2 for flipping about the x-axis (i.e., (8 %2) 4 = 64 channels).
Note that these implementation details are about reconstructing the functionality of
the standard ResNet and that these multiplicities can be changed for alternative
input dimensions (non-RGB images). After the stem, the features pass through a
sequence of stages composed of skip connections, convolutions, normalization, and
activations. These can all be defined with the escnn package by specifying the
FieldTypes. Because we are using flipRot2dOnR2(N=8), the regular representation
has 16 channels, so we can match the channel widths of a standard ResNet-50 by
choosing multiplicity m = ¢ for target width c. Thus, by connecting m feature
fields of the finite group regular representation, we can construct outputs at the
usual ResNet-50 levels: 256 (m = 16), 512 (m = 32), 1024 (m = 64), and 2048
(m = 128).

To construct the FPN we use the Mask2Former implementation as our base. Similar
to the ResNet-50 we replace all of the layers with their equivariant counterparts
while preserving the dimensionality by making our representation multiplicities a
function of the number of channels. The FPN requires one additional component:
upsampling. For this, we use R2Upsampling, which interpolates while preserving

equivariance.

3.4 Experiments

This section evaluates finite rotation/reflection-equivariant feature processing on
biological datasets. First, it tests whether equivariance improves learning on a small
C. elegans dataset when models are trained from scratch or without augmentation. It
then evaluates the same design on the larger TissueNet dataset, where the benefit of

explicit equivariance is less clear and computational cost becomes more important.

Datasets
This section describes the datasets used in the experiments. Table 3.1 summarizes

the number of images and annotations in the training and validation sets.

TissueNet'? (version 1.1) is a multiplexed tissue dataset for training segmentation
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Dataset Train Images | Train Anno- | Val Images Val Annota-
tations tions

TissueNet 2576 929,959 3105 269,657

(Nuclear)

TissueNet 2576 983,470 3105 288,022

(whole cell)

C. elegans 80 1121 20 286

Table 3.1: Overview of datasets for Equivariant Mask2Former.

models and contains more than 1 million manually labeled cells from different tissue
types. Each TissueNet image contains two channels: a nuclear channel, such as
DAPI, and a membrane or cytoplasmic channel, such as E-Cadherin or Pan-Keratin.
The dataset used here contains 2576 512 x 512 images in the training set and 3105
256 x 256 images in the validation set.

Preprocessing: The nuclear target is selected for the segmentation task. The two-
channel images are converted to RGB by mapping the nuclear and membrane chan-
nels to the green and blue channels, respectively, normalizing each channel to the
range 0-1, and leaving the red channel empty. Training images are then tiled to
256 x 256 pixels with 50% overlap, producing 23,184 RGB training images. The
maximum annotation count per cropped image is 523 for nuclei and 525 for whole

cells (image 10354006 in the cropped training set).

C. elegans'* contains 100 16-bit 696 x 520 images of the roundworm C. elegans.
Each image contains bright-field (BF) and GFP channels. The dataset includes

overlapping worms, which are difficult objects for per-pixel segmentation models.

Preprocessing: The 100 images are split into 80 training images and 20 validation
images. Only the BF channel is kept because the GFP channel is used for identifying
dead worms, not for segmentation. The central 512X 512 crop is placed in the green

channel of an RGB image.

Training and evaluation protocol

C. elegans training without augmentation

The C. elegans dataset is processed into COCO format using the reusable prepro-
cessing library described in Chapter 2. Unless otherwise stated, this experiment
uses no rotation or flip augmentation. Models are trained with a batch size of 40 on
two A6000 GPUs, using an input image size of 512 x 512 pixels for 100k iterations.
Optimization uses AdamW with a learning rate of 1 x 10~ for the backbone and
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1x 10~ for the remaining model components. Performance is evaluated with COCO
AP and AP50.

The comparison uses three setup families: a regular ResNet/FPN baseline, models
with both equivariant encoder and equivariant FPN, and mixed regular/equivariant

feature-processing variants. The display names are:

1. R50+FPN pretrained on ImageNet.
2. R50+FPN trained from scratch.

3. eR50+eFPN trained from scratch.
4. eR50+FPN trained from scratch.

5. R50+eFPN pretrained on ImageNet.

In these names, R50 denotes a regular ResNet-50 backbone, FPN denotes a regular
feature pyramid network, eR50 denotes an equivariant ResNet-50 backbone, and

eFPN denotes an equivariant feature pyramid network.

C. elegans training with augmentation

The augmented C. elegans experiment uses the same setup as the no-augmentation
setup. The only difference is that random rotation, random flipping, and color
augmentations are applied during training. The same five model configurations

listed above are evaluated under this augmented training setting.

TissueNet training

The TissueNet dataset is processed into COCO format using the reusable preprocess-
ing library described in Chapter 2. The model uses num_dec_layer=4, nheads=1,
img_size=256, and num_queries=400. Training runs for 200k iterations with
a batch size of 8 on one A6000 GPU. No augmentation is applied. Optimization
uses AdamW with a learning rate of 1 x 10~ for the backbone and 1 x 10~ for the
remaining model components. Performance is evaluated with COCO AP and AP50.
Two models are compared: a regular model from scratch and a fully equivariant

model from scratch.
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3.5 Results

C. elegans training without augmentation

Removing augmentation creates a direct stress test of the equivariance prior. As
shown in Figure 3.3 and Table 3.2, the eR50+eFPN model trained from scratch
performs best in this setting, reaching 30.3 AP and 58.4 AP50. The mixed
eR50+FPN model trained from scratch is second, while the ImageNet-pretrained
regular R50+FPN baseline drops to 6.63 AP and 17.9 AP50. The regular RS0+FPN
model trained from scratch is unstable. These results indicate that, when random
rotations and flips are absent, explicitly equivariant feature processing can provide

a stronger geometric prior than relying on pretraining alone.

segm/AP segm/AP50
40

60 4
30 A
N 24
20 1 o
< <
10-7LWM’\—’M ]

T T T T | T T T T |
0 20k 40k 60k 80k 100k 0 20k 40k 60k 80k 100k
Training step Training step

eR50+eFPN from scratch R50+eFPN pretrained on imagenet
eR50+FPN from scratch R50+FPN pretrained on imagenet

Figure 3.3: Evaluation curves for COCO AP and AP50 on the C. elegans training-
without-augmentation experiment.

C. elegans training with augmentation

The augmented small-data experiment compares the same regular, mixed, and equiv-
ariant feature-processing configurations. Figure 3.4 shows the AP and AP50 evalu-
ation curves, and Table 3.2 summarizes the final scores with and without augmen-
tation. Adding augmentation improves the pretrained and equivariant-from-scratch
configurations relative to the no-augmentation setting, with the largest AP increase
for the ImageNet-pretrained regular baseline. However, augmentation does not res-
cue the regular R50+FPN model trained from scratch, which remains unstable. The
ImageNet-pretrained regular baseline has the highest AP under augmentation, while
the equivariant models remain trainable from scratch and achieve usable AP/AP50

without pretraining.
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Figure 3.4: Evaluation curves for COCO AP and AP50 on the C. elegans training-
with-augmentation experiment.

COCO AP COCO AP50
Model No aug. Aug. No aug. Aug.

R50+FPN pretrained on ImageNet ~ 6.6292  68.5102 17.8933 95.2697
R50+eFPN pretrained on ImageNet 14.6067 66.4956 36.1798 97.9474

eR50+eFPN from scratch 30.3147 59.0486 58.3955 93.7095
eR50+FPN from scratch 22.8090 51.9454 47.3385 86.3439
R50+FPN from scratch unstable unstable wunstable unstable

Table 3.2: C. elegans instance segmentation results with and without augmentation.
Entries marked unstable denote a training run that diverged: the loss did not converge
and evaluation metrics fluctuated before collapsing to approximately zero, so no
usable checkpoint could be selected.

TissueNet training

TissueNet provides a larger-data test of the same equivariance prior. Figure 3.5
shows that the equivariant model had not fully saturated by the end of training, so
longer training could plausibly improve its final score. Even so, Table 3.3 indicates
that equivariance did not improve COCO AP or AP50 in this larger-dataset regime
under the current training schedule: the regular R50+FPN model trained from
scratch reached 46.7 AP and 83.8 AP50, compared with 43.9 AP and 79.9 AP50
for the equivariant model. This result contrasts with the small-data experiments
and suggests that, once enough labeled data are available, a standard R50 model
can learn strong segmentation features from scratch without requiring an explicit

rotation/reflection prior.

Qualitative observations
Figures 3.6 and 3.7 show representative qualitative predictions from the C. elegans

and TissueNet experiments. The C. elegans examples illustrate the practical meaning
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Figure 3.5: Evaluation curves for COCO AP and AP50 on the TissueNet training
without augmentation experiment.

Model COCO AP COCO AP50

Regular model 46.7125 83.8298
Equivariant model =~ 43.9157 79.8969

Table 3.3: TissueNet instance segmentation results without augmentation.

of the AP values: results with AP below 10 contain many unusable predictions, AP
values around 30 show partial instance recovery but remain insufficient for reliable
analysis, and AP values around 60 show substantially better separation. Some
circular-worm examples contain artifacts because the polygon encoding used in this
workflow does not support masks with holes. In contrast, the TissueNet examples
are visually similar across models, consistent with the close quantitative metrics

reported in Table 3.3.

Computational cost

Equivariant feature maps carry extra group dimensions or representation channels,
so the expected cost is higher memory and runtime. Table 3.4 reports the observed
TissueNet training cost for the regular and equivariant models. The equivariant
model is substantially more expensive, increasing step time from 0.56 s to 3.62 s and
peak GPU memory from 3.4 GB to 26.3 GB. In this TissueNet run, that additional
cost does not translate into higher AP: the regular model reaches 46.7 AP, while
the equivariant model reaches 43.9 AP. This result highlights an important practical
tradeoff. The equivariant prior can be useful in low-data or no-augmentation settings,

but it must be weighed against the large runtime and memory overhead when training
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Ground Truth Reg. with ImageNet Equiv. from scratch

without augmentation AP/AP50:6.78/17.34 AP/AP50:30.31/58.40

@

with augmentation AP/AP50:6.78/17.34 AP/AP:59.04/93.71

ImgID=2
Ground Truth Reg. with ImageNet Equiv. from scratch

without augmentation AP/AP50:6.78/17.34 AP/AP50:30.31/58.40

with augmentation AP/AP50:6.78/17.34 AP/AP:59.04/93.71

Img ID =52

Figure 3.6: Representative qualitative segmentation visualizations for the C. elegans
experiments. AP below 10 corresponds to poor predictions, AP around 30 gives only
modest improvement and remains unsuitable for reliable analysis, and AP around
60 produces better instance masks. Circular worms can show artifacts because the
polygon encoding does not support masks with holes.
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Ground Truth Reg. with ImageNet Equiv. from scratch

Img ID = 30001004

Tissuenet with augmentation,
Regular model. AP / AP50= 46.7 / 83.8
equivariant model. AP / AP50=44.1/85.2

Figure 3.7: Representative qualitative segmentation visualizations for the TissueNet
experiments. The regular and equivariant models produce visually similar pre-
dictions, matching the relatively close AP and AP50 values in the quantitative
comparison.

on larger or denser datasets.

Metric Regular model Equivariant model
Step time (s) 0.56 3.62
GPU memory (GB) 34 26.3
COCO AP 46.7 43.9

Table 3.4: TissueNet training cost and AP comparison for regular and equivariant
models.

3.6 Discussion
Equivariant Mask2Former tests an old but important idea in a modern segmentation

setting: if the data distribution has a known symmetry, the model should not have
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to rediscover it from labels. For cells and many microscopy objects, arbitrary
orientation is often a nuisance factor. Equivariant encoders and pixel decoders can

turn that nuisance into weight sharing. This prior is most useful when:

* Annotations are limited, so the model cannot easily learn orientation robust-

ness from examples alone;

* Rotation and flip augmentation is unavailable, too costly, or insufficient for

the target domain; and

* Pretrained weights are unavailable, or pretraining a large backbone model is

beyond the compute budget.

The same inductive bias has limits. First, random rotation and flip augmentation can
be a simpler and cheaper way to handle orientation variation, and in some settings
may outperform the more complex implementation of strict equivariance. Sec-
ond, enforcing equivariance through representation fields increases implementation
complexity and computational cost. Third, the implemented equivariance remains
approximate: striding and padding can break exact transformation consistency, and
square convolutional kernels are only exactly compatible with rotations by multiples
of 90° unless the filter basis and sampling scheme are designed to support the chosen

rotation group.

The broader thesis lesson is that architectural priors and data scale solve related
problems from opposite directions. Equivariant Mask2Former asks whether a care-
fully chosen geometric prior can make a segmentation model more data-efficient.
Chapter 4 asks whether broad pretraining and a generalist segmentation interface
can reduce the need for hand-designed priors. The transition is natural: when labels
are scarce and the symmetry is reliable, equivariance can be a strong specialist bias;
when training data and model scale grow, a foundation/generalist model may learn a

wider range of visual variation, including cases where strict symmetry is too narrow.
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Chapter 4

CELLSAM: A FOUNDATION MODEL FOR CELL
SEGMENTATION ACROSS MODALITIES

This chapter is mainly based on the following:

1. Markus Marks et al. “CellSAM: a foundation model for cell segmentation”.
In: Nature Methods 22.12 (Dec. 8, 2025), pp. 2585-2593. por: 10.1038/
s41592-025-02879-w.

Chapter overview. Cells are a fundamental unit of biological organization, and
identifying them in imaging data—cell segmentation—is a critical task for cellular
imaging experiments. This chapter presents CellSAM as a generalist model for
automated cell segmentation across microscopy modalities. CellSAM builds on
SAM by adding CellFinder, an automated detector that generates bounding-box
prompts for dense cellular images, and then adapts the SAM-based mask-decoding
workflow to cell segmentation. This chapter sits at the center of the thesis arc: after
Chapter 2 establishes controlled preprocessing and evaluation, and Chapter 3 studies
finite rotation/reflection-equivariant modeling under limited labels, CellSAM asks
whether detector-guided prompting can move cell segmentation from a collection
of specialist tools toward a generalist foundation-model interface. The chapter is
based on the published CellSAM manuscript; Qilin Li’s contributions include algo-
rithm design for CellFinder and CellSAM, CellFinder implementation, experiments
and evaluations, model benchmarking, data pipelines and data engineering, and

manuscript writing.

4.1 Introduction

Accurate cell segmentation is crucial for quantitative analysis and interpretation of
various cellular imaging experiments. Modern spatial genomics assays can produce
data on the location and abundance of 107 protein species and 10° RNA species
simultaneously in living and fixed tissues' . Accurate cell segmentation allows this
type of data to be converted into interpretable tissue maps of protein localization
and transcript abundances; these maps provide important insights into the biology
of healthy and diseased tissues. Similarly, live-cell imaging provides insight into

dynamic phenomena in bacterial and mammalian cell biology. Studying live-cell
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imaging data has provided mechanistic insights into critical phenomena such as the

16,7

mechanical behavior of the bacterial cell wall®>’, information transmission in cell

signaling pathways®~!3, heterogeneity in immune cell behavior during immunother-
apy'4, and the morphodynamics of development!®>. Cell segmentation is also a
key challenge for these experiments, as cells must be segmented and tracked to
create temporally consistent records of cell behavior that can be queried at scale.
These methods have seen use in several systems, including mammalian cells in cell

13,16 17-20 t21—23

culture and tissues’, bacterial cells , and yeas

Considerable progress has been made in recent years on the problem of cell seg-
mentation, driven primarily by advances in deep learning®*. Progress in this space
has occurred mainly in two distinct directions. The first direction seeks to find deep
learning architectures that achieve state-of-the-art performance on cellular imaging
tasks. These methods have historically focused on a particular imaging modality (for
example, brightfield imaging) or target (for example, mammalian tissue) and have
difficulty generalizing beyond their intended domain®>=3!. For example, Mesmer’s?®
representation for a cell (cell centroid and boundary) enables good performance in
tissue images but would be a poor choice for elongated bacterial cells. Similar
trade-offs in representations exist for the current collection of Cellpose models,

2632 The second direction is to work

necessitating the creation of a model zoo
on improving labeling methodology. Cell segmentation is an application of the
instance segmentation problem, which requires pixel-level labels for every object
in an image. Creating these labels can be expensive ( 1072 USD/label, with hun-
dreds to thousands of labels per image)®®33, which provides an incentive to reduce
the marginal cost of labeling. A recent improvement to labeling methodology has
been human-in-the-loop labeling, where labelers correct model errors rather than
produce labels from scratch?%-28:34 Further reductions in labeling costs can increase

the amount of labeled imaging data by orders of magnitude.

Recent work in machine learning on foundation models holds promise for providing
a complete solution. Foundation models are large deep neural network models
(typically transformers®) trained on large amounts of data in a self-supervised
fashion with supervised fine-tuning on one or several tasks®. Foundation models
include the GPT?7-3® family of models, which have proven transformative for natural
language processing®. These types of attention-based models have recently been
used for processing biological sequences>*~*>. These successes have inspired similar

efforts in computer vision. The Vision Transformer (ViT)* was introduced in 2020
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and has since been used as the basis architecture for a collection of vision foundation
models* . A key feature of foundation models is the scaling of model performance
with model size, dataset size, and computeSO; these scaling laws have been observed
for both language and vision models®'. These scaling laws offer a path toward
generalist models for cellular image analysis by increasing dataset and model size in
exchange for dealing with the increased compute cost of training foundation models.
This is in contrast to prior efforts that have focused on model architecture design

and representation engineering.

One recent foundation model well suited to cellular image analysis is the Segment
Anything Model (SAM)>2. This model uses a ViT to extract information-rich fea-
tures from raw images. These features are then directed to a module that generates
instance masks based on user-provided prompts, which can be either spatial (e.g., an
object centroid or bounding box) or semantic (e.g., an object’s visual description).
Notably, the promptable nature of SAM enabled scalable dataset construction, as
preliminary versions of SAM allowed labelers to generate accurate instance masks
with one to two clicks. The final version of SAM was trained on a dataset of 11 mil-
lion images containing over 1 billion masks and demonstrated strong performance
on various zero-shot evaluation tasks. Recent work has attempted to apply SAM
to problems in biological and medical imaging, including medical image segmen-
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tation>>—, lesion detection in dermatological images>’%, nuclear segmentation in

H&E images®>%°, and cellular image data for use in the Napari software package®'.

Works like MicroSAM®! or MedSAM?>% use SAM’s original workflow to speed up
annotation of cells and medical data, label a large dataset, and then fine-tune the
original SAM model. However, reliable automated segmentation is still missing in
these works. While promising, these studies reported challenges adapting SAM to

these new use cases’>-°!

. These challenges include reduced performance and uncer-
tain boundaries when transitioning from natural to medical images. Cellular images
contain additional complications: they can involve different imaging modalities (for
example, phase microscopy versus fluorescence microscopy), thousands of objects
in a field of view (as opposed to dozens in a natural image), and uncertain and noisy
boundaries (artifacts of projecting three-dimensional objects into a two-dimensional

plane)®!.

In addition to these challenges, SAM’s default strategy for automatic prompting does
not allow for accurate inference on cellular images. SAM’s automated prompting

uses a uniform grid of points to generate masks, an approach poorly suited to cellular



51

images given the wide variation of cell densities. More precise prompting (e.g., a
bounding box or mask) requires prior knowledge of cell locations. Because cellular
images often contain a large number of cells, it is impractical for users to provide
prompts to SAM manually. This limitation makes it challenging for SAM to serve
as a foundation model for cell segmentation since it still requires substantial human
input for inference. A solution that enables the automatic generation of prompts
would enable SAM-like models to serve as foundation models and knowledge en-
gines, as they could accelerate the generation of labeled data, learn from them, and

make that knowledge accessible to life scientists via inference.

In this work, we developed CellSAM, a foundation model for cell segmentation
(Fig. 4.1). CellSAM extends the SAM methodology to perform automated cellular
instance segmentation. To achieve this, we first assembled a comprehensive dataset
for cell segmentation spanning five broad data archetypes: tissue, cell culture,
yeast, H&E, and bacteria. Critically, we removed data leaks between training
and testing data splits to ensure an accurate assessment of model performance.
To automate inference with CellSAM , we developed CellFinder, a transformer-
based object detector that uses the Anchor DETR framework®?. CellSAM and
CellFinder share SAM’s ViT backbone for feature extraction; these features are
first used by CellFinder to generate bounding boxes around the cells to be used as
prompts for SAM. The bounding boxes (prompts) and ViT features are fed into a
decoder to generate instance segmentations of the cells in an image. We trained
CellSAM on a large, diverse corpus of cellular imaging data, enabling it to achieve
state-of-the-art performance across ten datasets. We also evaluated CellSAM’s
zero-shot performance using a held-out dataset, LIVECell®?, demonstrating that it
substantially outperforms existing methods for zero-shot segmentation. A deployed

version of CellSAM is available at https://cellsam.deepcell.org.

4.2 Results

Construction of a dataset for a generalist cell segmentation model

A significant challenge with existing cellular segmentation methods is their inability
to generalize across cellular targets, imaging modalities, and cell morphologies. To
address this, we curated a dataset from the literature containing 2D images from
a diverse range of targets (mammalian cells in tissues and adherent cell culture,
yeast cells, bacterial cells, and mammalian cell nuclei) and imaging modalities

(fluorescence, brightfield, phase contrast, and mass cytometry imaging).
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Figure 4.1: CellSAM: a foundational model for cell segmentation. Cell-
SAM combines SAM’s mask generation and labeling capabilities with an object
detection model to achieve automated inference. Input images are divided into
regularly sampled patches and passed through a transformer encoder (i.e., a ViT)
to generate information-rich image features. These image features are then sent
to two downstream modules. The first module, CellFinder, decodes these features
into bounding boxes using a transformer-based encoder-decoder pair. The second
module combines these image features with prompts to generate masks using SAM’s
mask decoder. CellSAM integrates these two modules using the bounding boxes
generated by CellFinder as prompts for SAM. CellSAM is trained in two stages,
using the pre-trained SAM model weights as a starting point. In the first stage, we
train the ViT and the CellFinder model together on the object detection task. This
yields an accurate CellFinder but results in a distribution shift between the ViT and
SAM’s mask decoder. The second stage closes this gap by fixing the ViT and SAM
mask decoder weights and fine-tuning the remainder of the SAM model (i.e., the
model neck) using ground truth bounding boxes and segmentation labels.

Our final dataset consisted of TissueNet23, DeepBacs64, BriFiSeg65 , Cellposezi%,
Omnipose®, YeastNet®’, YeaZ®, the 2018 Kaggle Data Science Bowl dataset
(DSB)69, a collection of H&E datasets’%7%, and an internally collected dataset
of phase microscopy images across eight mammalian cell lines (Phase400). We
group these datasets into six types for evaluation: Tissue, Cell Culture, H&E, Bac-
teria, and Yeast. As the DSB® comprises cell nuclei that span several of these
types, we evaluate it separately and refer to it as Nuclear, making a total of six
categories for evaluation. While our method focuses on whole-cell segmentation,
we included DSB® because cell nuclei are often used as a surrogate when the

information necessary for whole-cell segmentation (e.g., cell membrane markers)
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is absent from an image. Fig. 4.2a shows the number of annotations per evalua-
tion type. Finally, we used a held-out dataset LIVECell® to evaluate CellSAM’s
zero-shot performance. This dataset was curated to remove low-quality images and
images that did not contain sufficient information about the boundaries of closely
packed cells. A detailed description of data sources and preprocessing steps can
be found in Methods 4.4. Our full, preprocessed dataset is publicly available at
https://cellsam.deepcell.org.

CellSAM creates masks using box prompts generated from CellFinder

In early experiments, we found that providing ground truth bounding boxes as
prompts to SAM (ground truth prompts represent an upper bound on performance)
achieved significantly higher zero-shot performance than point prompting (see
Fig. 4.4). This is in agreement with previous analysis of SAM applied to bio-
logical®' and medical®® images. Because the ground-truth bounding box prompts
yield accurate segmentation masks from SAM across various datasets, we sought
to develop an object detector that could generate prompts for SAM in an automated
fashion. Given that our zero-shot experiments demonstrated that ViT features can
form robust internal representations of cellular images, we reasoned that we could
build an object detector using the image features generated by SAM’s ViT. Previous
work has explored this space and demonstrated that ViT backbones can achieve
SOTA performance on natural images’®’°. For our object detection module, we use
the Anchor DETR®? framework with the same ViT backbone as the SAM module;
we call this object detection module CellFinder. Anchor DETR is well-suited for
object detection in cellular images because it formulates object detection as a set
prediction task. This allows it to perform cell segmentation in images with densely
packed objects, a common occurrence in cellular imaging data. Alternative bound-
ing box methods (e.g., the R-CNN family) rely on non-maximum suppression3®-3!,
leading to poor performance in this regime. Methods that frame cell segmentation
as a dense, pixel-wise prediction task (e.g., Mesmer?®, Cellpose®®, and Hover-net>?)
assume that each pixel can be uniquely assigned to a single cell and cannot handle

overlapping objects.

The ground-truth prompting scheme by itself does not achieve real-world perfor-
mance standards. Our analysis showed that SAM cannot accurately segment many
cell types, likely due to the distribution of images seen during training. To adapt
CellSAM from natural images to cellular images, we fine-tune the SAM model

neck (the layers connecting SAM’s ViT to its decoder) while leaving other layers
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Figure 4.2: CellSAM is a strong generalist model for cell segmentation. a) For
training and evaluating CellSAM, we curated a diverse cell segmentation dataset
from the literature. The number of annotated cells is given for each data type.
Nuclear refers to a heterogeneous dataset (DSB)® containing nuclear segmentation
labels. b) Segmentation performance for CellSAM and Cellpose across different
data types. We compared the segmentation error (1-F1) for models that were
trained as generalists (i.e., the full dataset). Models were trained for a similar
number of steps across all datasets. We observed that CellSAM-generalist had a
lower error than Cellpose-generalist on all tested data categories. Furthermore, we
validated this finding on a held-out competition dataset from the Weakly Supervised
Cell Segmentation in Multi-modality High-Resolution Microscopy Images (i.e., the
NeurIPS Challenge)’’. Error bars were computed by calculating the segmentation
error per image, and then calculating the mean and standard error. The categories
contained the following number of samples: Tissue = 330, Cell Culture = 144,
H&E=51, Bacteria=260, Yeast=32, and Nuclear=56. ¢) Human vs human and
CellSAM-generalist vs human (CS/human) inter-rater performance comparison. A
two-sided t-test confirms that no statistical difference exists between CellSAM and
human performance. d) Qualitative results of CellSAM segmentations for different
data and imaging modalities. Predicted segmentations are outlined in red.
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frozen to retain generalization ability. Training CellSAM in this manner, achieved

state-of-the-art accuracy when provided with ground-truth bounding box prompts.

We train CellSAM in two stages; the full details can be found in the Methods. In
the first stage, we train CellFinder on the object detection task. We convert the
ground truth cell masks into bounding boxes and train the ViT backbone and the
CellFinder module. Once CellFinder is trained, we freeze the model weights of
the ViT and fine-tune the SAM module as described above. This accounts for the
distribution shifts in the ViT features that occur during the CellFinder training. Once
training is complete, we use CellFinder to prompt SAM’s mask decoder. We refer
to the collective method as CellSAM; Fig. 4.1 outlines an image’s full path through
CellSAM during inference.

Benchmarking CellSAM’s performance on numerous biological datasets

We benchmarked CellSAM’s performance using F1 error (1-F1) as metric (Fig. 4.2b)
against Cellpose, a widely used cell segmentation algorithm. Because our work in-
cludes both dataset and model development, we chose benchmarks that allow us to
measure the contributions of data and model architecture to overall performance.
Our benchmarks include comparisons to a pre-trained generalist Cellpose model
(cyto3), an internally trained generalist Cellpose model, and a suite of internally
trained specialist (i.e., trained on a single dataset) Cellpose models. Internally
trained models were trained on the CellSAM dataset or a suitable subset using pre-
viously published training recipes, while evaluations were performed on a held-out
split of the same dataset. We further evaluated CellSAM’s performance on the
evaluation split of the NeurIPS Cell Segmentation challenge®” (Fig. 4.2b). For this
evaluation, we fine-tuned CellSAM with an additional hematology dataset, which
was a substantial fraction of the NeurIPS challenge dataset. In almost every com-
parison, we found that CellSAM outperformed generalist Cellpose models (whether
pre-trained or internally trained) and was equivalent to specialist Cellpose models
trained exclusively on individual datasets. We highlight features of our benchmark-

ing analyses below.

* CellSAM is a strong generalist model. Generalization across cell mor-
phologies and imaging datasets has been a significant challenge for deep
learning-based cell segmentation algorithms. To evaluate CellSAM’s gener-
alization capabilities, we compared the performance of CellSAM and Cellpose

models trained as specialists (i.e., on a single dataset) to generalists (i.e., on
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all datasets). Consistent with the literature, we observe that Cellpose’s per-
formance degraded when trained as a generalist (Fig. 4.6). In contrast, we
found that the performance of CellSAM-generalist was equivalent or better
than CellSAM-specialist across all data categories and datasets (Fig. 4.6).
Moreover, CellSAM-generalist outperformed Cellpose-generalist in all data
categories (Fig. 4.2b and Fig. 4.5). This analysis highlights an essential fea-
ture of a foundational model: maintaining performance with increasing data

diversity and scale.

CellSAM achieves human-level accuracy for generalized cell segmenta-
tion. We use the error (1-F1) to assess the consistency of segmentation
predictions and annotator masks across a series of images. We compared
the annotations of three experts with each other (human vs. human) and
with CellSAM (human vs. CellSAM). This comparison explores whether
CellSAM’s performance is within the error margin created by annotator pref-
erences (e.g., the thickness of a cell boundary). We compared annotations
across four data categories: mammalian cells in tissue, mammalian cells in
cell culture, bacterial cells, and yeast cells. A two-sided t-test revealed no
significant differences between these two comparisons, indicating that Cell-
SAM’s outputs are comparable to expert human annotators (Fig. 4.2¢). This
is demonstrated by non-significant p-values between CellSAM-annotator and
inter-annotator agreements, specifically for Tissue: P = 0.18, Cell Culture: P
=0.49, Yeast: P =0.11, Bacteria: P = 0.90.

CellSAM enables fast and accurate labeling. When provided with ground
truth bounding boxes, CellSAM achieves high-quality cell masks without any
fine-tuning on unseen datasets (Figure 4.7). Because drawing bounding boxes
consumes significantly less time than drawing individual masks, this means
CellSAM can be used to generate highly accurate labels quickly, even for
out-of-distribution data.

CellSAM is a strong zero-shot and few-shot learner. We used the LIVE-
Cell dataset to explore CellSAM’s performance in zero-shot and few-shot
settings. We stratified CellSAM’s zero-shot by cell lines present in LIVE-
Cell (Supplemental Fig. 4.7b). We found that while performance varied by
cell line, we could recover adequate performance in the few-shot regime for
a number of the cell lines (e.g., AI/72). Supplemental Figures 4.7 and 4.8

show that CellSAM improves its performance with only ten additional fields
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of view (10% — 103 cells) for each cell line. We found fine-tuning could not
recover performance for cell lines with morphologies far from the training
data distribution (e.g., SHSY5Y). This may reflect a limitation of bounding
boxes as a prompting strategy for SAM models.

CellSAM Enables Diverse Bioimage Analysis Workflows

Cell segmentation is a critical component of many spatial biology analysis pipelines;
a single foundation model that generalizes across cell morphologies and imaging
methods would fill a crucial gap in modern biological workflows by expanding the
scope of the data that can be processed. In this section, we demonstrate how the
same CellSAM-generalist model (not finetuned to any particular dataset) can be
used across biological imaging pipelines by highlighting two use cases — spatial

transcriptomics and live-cell imaging (Fig. 4.3).

Spatial transcriptomics methods measure single-cell gene expression while retain-
ing the spatial organization of the sample. These experiments (e.g., MERFISH®3
and seqFISH®") fluorescently label individual mRNA transcripts; the number of
spots for a gene inside a cell corresponds to that gene’s expression level in that cell.
These methods enable the investigation of spatial gene expression patterns from the
sub-cellular to tissue scales but require accurate cell segmentation to yield mean-
ingful insights. Here, we use CellSAM-generalist in combination with Polaris®,
a deep learning-enabled analysis pipeline for image-based spatial transcriptomics,
to analyze gene expression at the single-cell level in MERFISH®® and seqFISH®*
data (Fig. 4.3). With accurate segmentation, we can assign genes to specific cells
(Fig. 4.3). We note that CellSAM can perform segmentation on either images of
nuclear and membrane stains or images derived from the spots themselves (e.g., a
maximum intensity projection of all spots). CellSAM’s ability to perform nuclear
and whole-cell segmentation for challenging tissue images of dense cells with com-

plex morphologies expands the scope of datasets to which Polaris can be applied.

The dynamics of cellular systems captured by live-cell imaging experiments eluci-
date various cellular processes such as cell division, morphological transitions, and
signal transduction®*. The analysis of live-cell imaging data requires segmenting
and tracking individual cells throughout whole movies. Here, we use CellSAM in
combination with a cell tracking algorithm®’ (Fig. 4.3) in two settings. The first was
a live cell imaging experiment with HeLa cells transiently expressing an AMP Ki-

nase reporters® dosed with 20 mM 2-Deoxy-D-glucose, a setup reflective of many
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experiments exploring cell signaling dynamics!?. We imaged, segmented, and

tracked the cells over 60 frames or 120 minutes to quantify AMP Kinase activity
over time (Fig. 4.3). The second setting was lineage tracking in budding yeast cells.
We again used CellSAM and cell tracking to segment and track cells; we further
used a division detection algorithm to count the cumulative number of divisions

over time and trace individual cell lineages (Fig. 4.3).

CellSAM can be used to segment 3D images. We developed a workflow that
generates 3D segmentations by segmenting individual slices and aggregating them
to 3D using the u-Segment3D3? algorithm (Fig. 4.3b). We demonstrate on a thin slice

of epidermal organoid®, as well as EASI-FISH from the lateral hypothalamus®.

CellSAM’s generality ensures consistent performance; in our experiments, we did
not encounter catastrophic failure modes. This is in contrast to specialist mod-
els, where failures from inference on out-of-distribution data are common. Cell-
SAM thus enables the analysis of data modalities for which specialist models do not
exist (including any modality without widespread data). Furthermore, we simplify
the analysis pipeline by eliminating the need for a large collection of potentially
fragile specialist models. We note that use cases are representative of the modu-
larity of bio-image analysis pipelines; most pipelines can be broken up into a few
key steps. As CellSAM demonstrates, as the algorithms that perform these steps

generalize, so does the entire pipeline.

4.3 Discussion

Cell segmentation is a critical task for cellular imaging experiments. While deep
learning methods have made substantial progress in recent years, there remains
a need for methods that can generalize across diverse images and further reduce
the marginal cost of image labeling. In this work, we sought to meet these needs
by developing CellSAM, a foundation model for cell segmentation. Transformer-
based methods for cell segmentation have shown promising performance’’. Cell-
SAM builds on these works by integrating the mask generation capabilities of SAM
with transformer-based object detection to empower both scalable image label-
ing and automated inference. We trained CellSAM on a diverse dataset, and our
benchmarking demonstrated that CellSAM achieves human-level performance on
generalized cell segmentation. Compared to previous methods, CellSAM preserves
its performance when trained on increasingly diverse data, which is essential for

a foundational model. We found that CellSAM could be used on novel cell types
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Figure 4.3: CellSAM Enables Diverse Bioimage Analysis Workflows. Because
CellSAM-generalist functions across image modalities and cellular targets, it can be
immediately applied across bioimaging analysis workflows without requiring task-
specific adaptations. (a) We schematically depict how CellSAM-generalist fits into
the analysis pipeline for live cell imaging and spatial transcriptomics, eliminating
the need for different segmentation tools and expanding the scope of possible assays
to which these tools can be applied. (b) Here, we demonstrate the application of
CellSAM-generalist to various biological imaging tasks. (Top Left) Segmentations
from CellSAM are used to track cells®” and quantify fluorescent live-cell reporter
activity in cell culture. (Top Right) CellSAM segments cells in multiple frames from
a video of budding yeast cells. These cells are tracked across frames using a tracking
algorithm®” that ensures consistent identities, enabling accurate lineage construction
and cell division quantification. (Bottom Left) CellISAM is used to segment slices of
a 3D image, and these segmented slices are fed into a 3D U-Net®? to create a 3D seg-
mentation. (Bottom Right) Segmentations generated using CellSAM are integrated
with Polaris®, a spatial transcriptomics analysis pipeline. Because of CellSAM’s
generalist nature, we can apply this workflow across sample types (e.g., tissue and
cell culture) and imaging modalities (e.g., seqFISH and MERFISH). Datasets of
cultured macrophage cells (seqFISH) and mouse ileum tissue (MERFISH)® were
used to generate the data in this example. MERFISH segmentations were generated
with CellSAM with an image of a nuclear and membrane stain; seqFISH segmenta-
tions were generated with CellSAM with a maximum intensity projection image of
all spots.

Genes
Sics51a @ Krt7 Stmn1
@®Ada @ H2-Eb1 @ Scarb1
@ Apob Mzb1 @ TNF
®sicsat ®Cd79b @IL1B
Txndc5 @ Cd4 @ NIBAN1
@Kkl ®Cdsa @ IRF4



60

in a zero-shot setting, and that re-training with few labels could yield a strong
boost in performance if needed. Moreover, we demonstrated that CellSAM’s abil-
ity to generalize can be extended to entire image analysis pipelines, as illustrated
by use cases in spatial transcriptomics and live cell imaging. Given its utility in
image labeling and high accuracy during inference, we believe CellSAM is a valu-
able contribution to the field, both as a tool for spatial biology and as a means
to creating the data infrastructure required for cellular imaging’s Al-powered fu-
ture. To facilitate the former, we have deployed a user interface for CellSAM at
https://cellsam.deepcell.org/ that allows for both automated and man-
ual prompting. We also created a Napari plugin so that CellSAM can easily be

integrated into existing workflows.

We note that for generalist models to achieve wide adoption, equivalent or superior
performance compared to specialist models is necessary. CellSAM is, to our knowl-
edge, the first generalist model where this has been demonstrated across a diverse
array of imaging data. This marks a critical threshold, as it enables users to adopt a

unified model without sacrificing task-specific performance.

The work described here is important beyond aiding life scientists with cell seg-
mentation. First, foundation models are immensely useful for natural language and
vision tasks and hold similar promise for the life sciences, provided they are suitably
adapted to this new domain. We can see several uses for CellSAM that might be
within reach of future work. Much like what has occurred with natural images, we
foresee that the integration of natural language labels in addition to cell-level labels
might lead to vision-language models capable of generating human-like descriptors
of cellular images with entity-level resolution*®. More powerful generalization ca-
pabilities may enable the standardization of cellular image analysis pipelines across
all the life sciences. If the accuracy is sufficient, microbiologists and tissue bi-
ologists could use the same collection of foundation models for interpreting their

imaging data even for challenging experiments®!-%2.

While the work presented here highlights the potential foundation models hold for
cellular image analysis, much work remains to be done for this future to manifest.
Extension of this methodology to 3D imaging data is essential; recent work on
memory-efficient attention kernels”® will aid these efforts. Exploring how to enable
foundation models to leverage the full information content of images (e.g., multiple
stains, temporal information for movies, etc.) is an essential avenue of future work.

While CellSAM generalizes well across many different cell types, performance
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guarantees can only be made for images similar to the training data. This was
evidenced by our zero-shot evaluation on LIVECell. While foundation models
hold much promise, care must be taken with claims surrounding generalization.
The most reliable way of obtaining generalization is in building the support of the
training data distribution; the human-in-the-loop capabilities supported by SAM-like
models can aid this effort. Generally, expanding the space of labeled data remains
a priority - this includes images of perturbed cells and cells with more challenging
morphologies (e.g., neurons) where images contain many overlapping cells. Data

generated by pooled optical screens’

may synergize well with the data needs of
foundation models. Compute-efficient fine-tuning strategies must be developed to
enable flexible adaptation to new image domains. Lastly, prompt engineering is a
critical area of future work, as it is essential to maximizing model performance.
The work we present here can be thought of as prompt engineering, as we leverage
CellFinder to produce bounding box prompts for SAM. As more challenging labeled
datasets are incorporated, the nature of the “best” prompts will likely evolve. Finding
the best prompts for these new data is a task that will likely fall on both the computer

vision and life science communities.
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4.4 Methods

Dataset Construction

To train CellSAM, we combined ten separate datasets spanning a variety of modal-
ities: TissueNet?®, DeepBacs®, BriFiSeg®, Cellpose??®, Omnipose®®, Yeast-
Net%”, YeaZ®, the 2018 Kaggle Data Science Bowl (DSB)®°, a collection of H&E

datasets’0-76

, and an internally collected dataset of phase microscopy images across
eight mammalian cell lines (Phase400). The LIVECell%® dataset was held out for
zero-shot/few-shot tests. Our collective dataset included images across multiple
imaging modalities (brightfield, phase contrast, fluorescence, and mass cytome-
try), imaging targets (histology sections, yeast, cell culture, bacteria, nuclei), length
scales, and morphologies. We did not do any preprocessing and left pixel intensities
untouched. We treated nuclear and whole-cell channels as green and blue channels
in an RGB image, respectively, and the red channel was always blank. We moved
the green channel to blue for nuclear-only datasets (i.e., BriFiSeg and DSB) to keep

the blue channel always occupied.

If available, we used predetermined training/validation/test splits for each dataset;
otherwise, we introduced 80-10-10% data splits. For datasets with multiple fields
of view of the same object set, we required all FOVs to belong to the same split.
We deferred all duplicated samples to the train split for published datasets with a
pre-existing data leak (detected by pixel-wise hashing). Our assembled dataset kept
all images in their original size. We followed a widely used annotation scheme
for labeling our masks, with zero representing the background and unique positive
integers representing different objects. While this format precludes accurate seg-
mentation of overlapping objects, labels of this kind were not present in the dataset
we compiled. We filtered out invalid cell labels if the label contained disjoint regions
or if the label had only a 1-pixel height or width. The processed images with filtered
annotations were used for training, validation, and testing. We conducted some
additional processing for LIVECell®>. We converted annotations from the COCO
format to the same labeling format we used on the other datasets for consistency. We
used Cellpose’s?® pre-processing function 1livecell_ann_to_masks() to remove
overlapping regions. In addition, we noticed inconsistencies in ground truth labels
as previously observed by the Cellpose team (see Fig 1.c in?%). We thus manually
inspected the LIVECell test split to divide the annotation quality into three classes -
good, medium, and poor. We randomly selected images in the good split of the test

set for the CellSAM few-shot learning task.
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We modified our preparation pipeline for the NeurIPS challenge dataset. In addition
to our standard preprocessing, we reduced bright spots by linearly re-scaling the
raw pixel intensities such that the 99.9 percentiles corresponded to 1.0. We then
normalized each image with Contrast Limited Adaptive Histogram Equalization
(CLAHE)”? with a kernel size of 128 pixels. Our assembled NeurIPS dataset used a
fixed image size of 512 by 512 pixels. Images shorter than 512 pixels on either axis
were zero-padded up to 512. For images with more than 512 pixels on either axis,
we tiled them to 512 by 512 pixels with a 25% overlap and filled the empty regions
with zeros. Any cropped images without valid annotations were removed. All
images were upsampled to 1024x1024 as input for CellSAM. The NeurIPS training
dataset includes all training/validation/test splits from our standard datasets, plus the
NeurIPS training and tuning datasets. We used NeurIPS open test set for validation

and the hidden test set for the performance report.

Statistics on our full dataset are in Table 4.1. To aid reproducibility, the dataset
labels in Table 4.1 correspond to the labels present in our compiled dataset available

athttps://cellsam.deepcell.org.

CellSAM Architecture.

We adapted Anchor DETR®? for the object detector for CellSAM (CellFinder). This
choice was motivated by Anchor DETR being non-maximum suppression (NMS)*¢
free. NMS suppresses bounding boxes with a high amount of overlap to remove
duplicate detections. While this works well for natural images, cellular images
often have tightly clustered objects, and NMS-based methods such as the R-CNN
family®%8! can suffer from a low recall in this setting. We replaced the Anchor
DETR’s ResNet®’ backbone with the vision transformer (ViT)** from the SAM

model’?; specifically, we used the base-sized ViT (ViT-B).

As the maximum number of cells per image is generally no more than 1000, we
increased the number of queries ¢g to 3500, 3.5 times the maximum number of cells,
based on Fig. 12 in DETR®®, which provided an estimate of the number of queries
needed for a DETR method to detect all objects. We used one pattern p for the

Anchor generation as most objects in cellular detection are usually of similar scale.

Training CellFinder: We used a base learning rate of 10~ for the Anchor DETR
head and 107> for the SAM-ViT backbone. We used weight decay of 10~ and clip
norm of 0.1. We used AdamW?° with a step-wise learning rate scheduler that drops
the learning rate by a factor of 10 after the 1960th epoch. We trained CellFinder for
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2800 epochs with a batch size of 4 across 8 H100 GPUs.

Finetuning CellSAM: After we trained CellFinder with the SAM-ViT backbone, the
SAM-VIT output features were no longer aligned with the rest of the model (i.e.,
the prompt encoder and mask decoder). To close this distribution gap, we froze the
SAM-VIiT (such that it continues to function well with CellFinder) and trained the
neck of the SAM model. We trained this neck using ground-truth bounding boxes
as inputs and segmentation masks of individual cells as targets. We used a learning
rate of 10™* and weight decay of 10~* for this training. We also used AdamW?® for
this training and did not clip the gradient.

We found this training recipe to be best with respect to computational cost and

overfitting, based on small-scale ablation experiments.

Inference

Atinference, we followed the following workflow. First, the input was passed through
the Anchor DETR fine-tuned ViT-B. This resulted in an embedding dimension of
768. This embedding was then passed as an input to two parts of CellSAM, 1) the
trained Anchor DETR module (CellFinder) and 2) the fine-tuned neck, which is a
2D convolutional network reducing the embedding dimensionality further to 256.
The bounding box outputs of CellFinder were then sent into the prompt encoder,
resulting in the prompt embedding. The prompt embeddings and neck embedding
were then passed to the mask decoder, which outputs pixel-wise probabilities for
the cell and another IoU-based confidence value for the prediction as a whole. This
results in a tensor of shape N X W x H, where N corresponds to the number of cells
predicted. This tensor was processed with a sigmoid and a threshold operation,
resulting in binarized images. Depending on the metric used, we either used this
tensor directly with the N scores (specifically for computation of the COCO AP @
0.5 IoU), or we computed the argmax over the cell dimension N to generate a tensor

W x H, where each pixel corresponded to a unique integer label for each cell.

Thresholding: Given CellSAM’s model architecture, we had three different thresh-
olds at inference time. First, we had a threshold on the bounding boxes generated
by CellFinder, which we set to 0.4 across all datasets. We dynamically adjust
this threshold by clustering the confidence values. We perform k-means clustering
(k = 2) the box-confidences of all cells for a given image. We then compute the
mean of both clusters (7},), i.e. the separation between likely non-cells and cells.
We then adjust the final bounding box threshold as Tp,, = % * 0.4 + % * T,,. The
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resulting boxes were passed through the Mask Decoder, we had an overall mask
score outputted by the IoU prediction head of the Mask Decoder, which we set to
0.5. Lastly, we thresholded the mask decoder output after applying the sigmoid

function to each pixel, which we set at 0.5.

CellSAM Postprocessing: We used the same postprocessing steps that are used by
Cellpose?2. This consisted of hole filling and island removal for each predicted cell.

Inference time: We compute the inference time in seconds as a function of the
number of cells (Fig. 4.10a). To generate this plot, we randomly sampled two
images from each dataset in our test set and filtered them to ensure a diverse range
of cell counts. All benchmarks were performed on a single A6000 GPU. Unlike
Cellpose, which requires only a single model pass, CellSAM performs one pass for
each query (i.e., each cell). As a result, the wall-clock time scales (approximately)
linearly with the number of cells. We also compare CPU and GPU inference times
for both CellSAM and Cellpose on n = 20 randomly sampled images. Whereas for
GPU based inference both CellSAM and Cellpose take less than 1 second per image,
Cellpose takes on average almost 8 seconds per image on CPU and CellSAM close
to 12 seconds on CPU.

Model Implementation and Training

CellSAM was implemented in PyTorch!%. For CellFinder we modified the official
Anchor DETR repo!. For CellSAM, we modified the official Segment Anything
repo’. We used PyTorch Lightning!'®! to scale the training. Prototyping was done
using NVIDIA’s RTX 4090. We used machines with NVIDIA A6000s, A100s
(40GB and 80GB versions), or H100s for the experiments in the paper. The overall
training time for CellSAM-generalist was 6d 12h on 8x H100 GPUs for training
CellFinder and an additional 1d for fine-tuning the complete CellSAM model (note
fine-tuning was done on 1x 4090 GPU). For the specialist models, these numbers
can be linearly scaled by the fraction of the total data used (e.g., for 1/9 of the time
for 1/9 of the data). Below we have added a plot of the training curves for training
CellFinder and CellSAM-generalist (Figure 4.11).

1https ://github.com/megvii-research/AnchorDETR
’https://github.com/facebookresearch/segment-anything
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3D integration

We use u-segment3D3? to generate 3D cellular segmentations. We first segment
each 2D slice using the CellSAM-generalist model. We then remove small masks
and fill holes using Cellpose’s postprocessing. We then use the u-segment3D%’

indirect method to fuse the 2D segmentations to 3D.

Benchmarking
We benchmarked the performance of CellSAM models against Cellpose®>-?6 trained
on our compiled datasets.

Cellpose Model Training.

We utilized the command provided by the Cellpose developers to train our custom
Cellpose models. Using Cellpose library version 3.0.11, we trained both specialist

and generalist models from scratch?®.

python -m cellpose --train --train_size --use_gpu \
--dir {} --test_dir {} \
--img_filter _img --mask_filter _masks \

--pretrained_model None --chan 3 --chan2 2

We kept all the hyper-parameters untouched. We used the SGD optimizer with
a weight decay of 107> and a batch size of 8. We trained each model for 500
epochs with a base learning rate of 0.2. We used the default learning rate scheduler.
The learning rate increased linearly from O to 0.2 over the first ten epochs, then
decreased by a factor of 2 every 10 epochs after the 400th epoch. We trained
each model on a single NVIDIA A6000 GPU. In total, we trained ten specialist
models and one generalist model. When evaluating the performance of the Cellpose
model, we followed the implementation of the cyto3 model evaluating pipeline. We
first estimated the cell diameters per image using a trained size model. Then, we

predicted the segmentation masks.

Metrics

We used the Metrics package in the Cellpose library?>2%. Predictions that match the
ground truth labels (determined by a mask IoU > 0.5) are true positives (TP), predic-
tions with no matching ground truth labels are false positives (FP), and ground truth
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labels without a valid match are false negatives (FN). For the human/human and
CellSAM/human comparison we used a lower IoU threshold of 0.3 to increase the
size of our statistic (reflecting higher inter-rater variability). The CellSAM/human
comparisons were made against all three annotators. CellSAM’s predictions were
compared to each annotator, and each annotator was compared to every other anno-
tator for the human/human comparison. We computed the recall, precision, and F1

scores using the following formulas:

¢ Recall: recall = %.
. P c e .. _ TP
recision: precision = 75 5p.

. __ 2xprecisionxrecall
* Fl: F1 = precision+recall *

We also used COCO-style evaluation metrics’® during CellFinder’s development.
The COCO metrics are a widely used benchmark for assessing the object-level
quality of object detection and instance segmentation methods. These metrics
report Average Precision (AP), the area under the Precision-Recall curve for a given
object class. In our case, we only had a single object class: cells. COCO-style AP
is computed across IoU thresholds from 0.50 to 0.95 in increments of 0.05. We
report the mean AP across all IoU thresholds, denoted as COCO mAP, as well as
AP at IoU = 0.50, denoted as COCO AP50, to quantify CellFinder’s performance.
Because the object density is much higher in cellular images than in natural images,
we modified the limit for the maximum number of detections from 100 to 10,000.
We also fed the actual confidence score per binary prediction of the CellSAM model
to the COCO evaluator. For the Cellpose models, we used a fixed confidence score
of 1.0.

Hyperparameters

For training, there are two sets of parameters. The first is for training CellFinder,
which we trained for 2800 epochs with a batch size of 4 (primarily constrained by
GPU memory) across 8 GPUs. We used the AdamW optimizer with a learning rate
of 107> for the backbone and 10~* for the remainder of the model. We set weight
decay 10~ and dropout to 0.1. After 1960 epochs, we reduced the learning rate by
a factor of 10. The full configuration file can be found in the GitHub repository.

The second set of parameters is fine-tuning CellSAM which we trained for 50

epochs with a cosine LR schedule. This final fine-tuning primarily adjusts smaller
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Figure 4.4: Preliminary prompting analysis comparing point prompts (zero-shot
point), bounding box prompts (zero-shot box), and SAM’s auto prompting, a uni-
form grid of points, (zero-shot auto). We used the ground truth cellular masks to
generate both the point and bounding box prompts (serving as a theoretical upper
bound on performance). We used the F1 error (1-F1 score) for the metric of com-
parison. Additionally, we used SAM with no additional training to assess zero-shot
performance and compared that to a fine-tuned SAM. Here, we see the best perfor-
mance was achieved using bounding box prompts with a fine-tuned model. These
bounding boxes can be generated using CellFinder in the full model. The categories
contained the following number of samples (n): Tissue = 330, Cell Culture = 144,
H&E = 51, Bacteria = 260, Yeast = 32, and Nuclear = 56.

components of CellSAM specifically, the "neck" (a feedforward neural network
between the ViT and the rest of the model), which is prone to overfitting and thus

requires careful tuning.

Data Availability
All datasets with test/training/validation splits are publicly available at https:
//cellsam.deepcell.org.

Code Availability
The code for CellSAM is publicly available at https://github.com/vanvalenl

ab/cellsam.

Extended Data
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Figure 4.5: CellSAM-generalist Compared to Cellpose generalist model (cyto3).
Here, we compare CellSAM-generalist performance to Cellpose’s cyto3 model. a)
examines the per dataset performance of these two models. The datasets contained
the following number of samples: BriFiSeg = 22, H&E = 51, YeaZ = 17, YeastNet
= 15, Cellpose = 68, DeepBacs = 92, DSB = 56, Phase400 = 54, OmniPose = 168,
and TissueNet = 330. b) shows examples of the performance across the various data
types. The categories contained the following number of samples: Tissue = 330,
Cell Culture = 144, H&E = 51, Bacteria = 260, Yeast = 32, and Nuclear = 56.
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Figure 4.6: Generalist vs. Specialist. We compare the performance of Cell-
SAM when trained on individual datasets (specialist) to when CellSAM is trained
on all of the data (generalist). These results are compared to the performance of Cell-
pose when trained on individual datasets (specialist) and when Cellpose is trained
on all the data (generalist). We see that CellSAM-generalist performs better across
data types and datasets. Cellpose consistently performs better when trained on a
specific dataset, but does not perform well when trained across multiple datasets.
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Figure 4.7: LIVECell zero-shot and few-shot performance. a) Zero-shot per-
formance of CellSAM-generalist and Cellpose-generalist on the LIVECell dataset.
Here, we show significant improvement of CellSAM over Cellpose on an unseen
dataset (from 0.13 to 0.40 in F1). b) CellSAM-generalist performance stratified
by cell line. We analyzed both zero-shot and few-shot (10 samples per cell line)

performance. We saw that few-shot improves CellSAM-generalist on LIVECell for
most cell lines.
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Figure 4.8: Representative qualitative results of CellISAM-generalist 10-shot perfor-
mance on the LIVECell dataset, one panel for each cell line.
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Figure 4.9: Zero-shot generalization of CellSAM-generalist to electron microscopy
images of bacterial biofilms. The left panel shows the input electron microscopy
image, and the right panel shows model predictions.
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Supplementary Information

Dataset Image size Pixel size Test Train Val
[height,width] |(um  per|Images ObjectsImages ObjectsImages Objects
pixel)
Tissue
tissuenet_wholecell [[512,512] [0.365~1.0 [330 1325682576 985134 [324 119915
Cell culture
Cellpose min:[164,174]  [Various 68 7201 [486 58701 |54 5978
max:[576,720]
BriFiSeg [512,512] 0.37 22 796 179 6458 |23 815
Phase400 3T3 [1608, 1608] 0.55 4 658 32 4106 |5 527
A549 0.55 7 623 60 4950 |8 483
CHO 0.37 4 1002 |29 6220 |4 883
HEK293 0.19 2 583 17 4051 |3 659
HeLa 0.65 4 494 32 2789 |4 353
HeLa-S3 0.65 13 3034 |103 25421 |13 3368
PC3 0.55 7 696 54 4649 |7 571
RAW264 0.65 13 829 100 6968 |13 1214
H&E
cpml5 min:[392,459] [0.38 1 255 12 2048 |2 602
max:[808,1032]
cpm17 min:[500,500] {0.31 16 1755 |32 3766 |16 2049
max:[600,600]
kumar [1000,1000] 0.38 0 0 16 9905 |0 0
monusac min:[90,98] 0.35 21 3864 |167 23852 |21 3482
max:[1422,2162]
monuseg [1000,1000] 0.38 7 3822 |37 24103 |7 2861
nuinsseg [512,512] 0.23 1 24 9 325 2 51
tnbc [512,512] 0.40 5 391 40 3257 |5 408
Bacteria
Omnipose bact_fluor min:[335,284] 0.1 or 0.065(23 5388 129 16999 |6 691
max:[2038,2038]
bact_phase min:[66,58] 0.1 or 0.065(145 18400 (224 25567 |22 1682
max:[2038,2038]
DeepBacs 2b_brightfield_dataset [[512,512] 0.14 5 470 2 394 3 425
2b_fluorescence_dataset |[512,512] 0.14 5 470 2 352 3 425
2¢_e_coli [1024,1024] 0.045 15 1142 |4 335 4 252
2d_1_SplineDist_dataset/min:[512,512] |0.025 10 649 22 385 10 138
max:[1024,1024]
2d_2_b_subtilis [1024,1024] 0.065 10 649 70 3843 |2 104
2e_e_coli [512,512] 0.045 12 688 21 1083 |4 269
s2_stardist min:[256,256] |0.55 35 2731 [120 6656 |8 476
max:[1024,1024]
Yeast
YeastNet [1024,1024] 0.1075 15 468 120 5988 |15 894
YeaZ min:[512,512] ]0.1075 17 1917  |303 22526 |8 852
max:[2000,1988]
Nuclear
dsb_fixed min:[256,256]  |Various 56 2292|449 20036 |57 2558
max:[1040,1388] ‘
NeurlIPS chall
neurips_fixed min:[200,200]  [Various 400 Not 1099 213683 (50 6041
max:[4096,4096] pub-
licly
avail-
able

Table 4.1: Statistics of datasets split by test, train, and val. For computing pixel
size, we report values from the dataset source where available. In cases where the
dataset does not report pixel size but the imaging camera is known, we report the
pixel size of the camera. For other cases, we manually compute an estimation of the
pixel size by taking the average major axis length over a subsample of 10 images and
dividing by an estimator of the typical length scale for the celltype (e.g., 2 microns
for a bacterial dataset). Note that this estimator can have high variance for diverse
datasets, e.g., Cellpose, so we do not apply it.
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Figure 4.10: Inference times for CellSAM and Cellpose. a) Wall clock time
over the number of cells. Cells were randomly sampled. b) GPU/CPU inference
comparison for CellSAM and Cellpose. The Runtime in seconds is per image. N=20
were randomly sampled over multiple datasets. The Bar plot represents the mean
and standard deviation.
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Figure 4.11: Training Curves. The training curves for training CellFinder (left)
and fine-tuning the full CellSAM-generalist model (right) are shown here. We plot
the training loss over training steps.
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Chapter 5

FTURADER: FUNCTIONAL TISSUE UNIT SEGMENTATION
WITH SCALE-DYNAMIC ADAPTATION

5.1 Introduction

Biological tissue organization is neither purely cellular nor purely organ-level. Be-
tween individual cells and gross organ anatomy are repeated multicellular structures
that carry out organ-specific functions. These functional tissue units (FTUs) pro-
vide an intermediate scale for spatial biology: glomeruli filter blood in the kidney,
intestinal crypts organize epithelial renewal, alveoli support gas exchange in the
lung, glandular acini support secretion, and splenic white pulp coordinates immune
function. FTUs therefore connect cell identity, local tissue architecture, and or-
gan physiology in a way that single-cell masks alone cannot capture. Chapter 4
addressed segmentation of individual cells across imaging modalities; this chapter
moves one level upward to ask which cells, extracellular regions, and luminal spaces

belong to the same anatomical and functional unit.

This transition changes the segmentation problem. Cells are small, repeated, and
often locally defined by membrane, nuclear, or cytoplasmic contrast. FTUs can
span hundreds to thousands of pixels, contain empty luminal or air spaces, and
require tissue context that extends beyond the immediate boundary. A white-pulp
boundary in the spleen may depend on subtle transitions between immune-cell-rich
and red-pulp regions; an alveolus may be missed when a tile contains mostly empty
air space; and a glandular acinus may be confused with a larger glandular structure
when the model lacks instance-level anatomical context. These properties make

FTU segmentation more than a direct rescaling of cell segmentation.

Existing FTU benchmarks have shown the promise and limitations of community-
developed semantic segmentation models. HuBMAP and Human Protein Atlas
efforts have assembled multi-organ FTU segmentation data and motivated algo-
rithms for glomeruli, intestinal crypts, alveoli, glandular acini, and splenic white
pulp!=3
but they also expose a central gap: semantic foreground masks can be sufficient for

. These studies establish FTUs as practical objects for atlas construction,

pixel-overlap scoring, yet they do not directly provide the individual FTU objects

needed for morphometry, per-unit cell composition, spatial indexing, or downstream



87

atlas registration. The FTU challenge paper notes that Dice coefficient does not ac-
count for separation between individual instances and that instance-level metrics

such as mean average precision may be better suited for this object-aware task>.

A method can obtain a high pixel Dice score by covering the correct foreground
area while merging neighboring FTUs, splitting one FTU into several fragments,
or duplicating predictions over the same anatomical unit. Such outputs may appear
acceptable under semantic overlap metrics but fail analyses that require FTU count,
size, shape, and per-unit cellular composition. This chapter therefore treats FTU
segmentation as an instance-segmentation problem and reports object-level metrics

alongside pixel-level Dice and IoU.

FTURader is a detector-prompted FTU segmentation pipeline evaluated across five
organ-associated FTU categories. A first-stage bounding-box detector, referred
to here as FTUFinder, localizes candidate tissue units and estimates object scale.
A dynamic-scaling module rescales images so that FTUs from different organs
are presented to the mask decoder within a more stable apparent size range and
partitions large inputs into manageable 1024 x 1024-pixel tiles with 50% overlap.
A SAM2-based promptable mask decoder then uses the detector-derived box and
local tissue context to generate an FTU mask. This design follows the detector-
plus-foundation-model pattern used for dense cell segmentation in CellSAM?, but
adapts it to FTU-specific challenges: organ-dependent scale, stain variation, hollow

structures, weak anatomical boundaries, and whole-slide tiling.

5.2 Results

FTURader converts histology images into FTU instances

FTURader takes an H&E histology tile or whole-slide-derived image region as
input and returns a set of candidate FTU instances. Each output instance contains
an FTU category, a confidence score, a bounding box, and a mask. The pipeline
is organized into three modules. First, preprocessing reduces stain and intensity
variation and filters empty image regions. Second, FTUFinder detects candidate
FTUs and estimates their approximate object scale. Third, a SAM2-based decoder
converts bounding-box prompts into instance masks. This modular design separates
the questions of where an FTU is, at what scale it should be segmented, and how its

segmentation mask should be decoded.

Figure 5.1 summarizes the pipeline. Images are first preprocessed to reduce stain and

intensity variation and to filter uninformative regions. FTUFinder then predicts can-
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didate FTU boxes, confidence scores, and scale-relevant localization information.
The dynamic scaler rescales the image and, when needed, partitions large inputs
into 1024 x 1024-pixel tiles with 50% overlap. Finally, a SAM2-based promptable
mask decoder uses the detector-derived box and local image features to generate one

candidate FTU mask per prompt.
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Figure 5.1: FTURader architecture for detector-prompted FTU segmentation. A
histology tile is stain-normalized and filtered before candidate FTUs are localized
by FTUFinder. FTUFinder supplies candidate boxes and confidence scores used
by the downstream scale-and-tile step. Candidate boxes are passed as prompts to a
SAM2-based mask decoder, while the normalized image is tiled and encoded by a
Hiera vision transformer. The decoder combines image features and box prompts to
generate instance-level FTU masks.

Together, these components establish FTURader as a detector-guided framework
for scale-normalized FTU instance segmentation. By combining object localization
with promptable mask decoding, the pipeline converts histology images into can-
didate FTU instances that can support object-level morphometry, per-unit cellular

analysis, and downstream tissue-atlas integration after appropriate expert validation.

Semantic FTU annotations are converted into candidate instance labels

The evaluation dataset is based on the HUBMAP and HPA “Hacking the Human
Body” FTU segmentation setting, covering five organ-associated FTU categories:
kidney glomeruli, large-intestine crypts, lung alveoli, prostate glandular acini, and
splenic white pulp®. The source data provide semantic masks, which mark FTU fore-
ground pixels without necessarily preserving individual object identity. For detector-

prompted segmentation, these annotations were converted into candidate instance
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masks and bounding boxes using the dataset providers’ official mask-transcoding

workflow.

Table 5.1 summarizes the official split and organ-level annotation counts used in
this chapter. The public training split contains 351 images and 4,894 candidate
FTU annotations. The official public-test split was used internally for validation and
threshold selection and contains 290 images and 4,414 annotations. The private test

split contains 239 images and 3,565 annotations.

Table 5.1: FTU dataset split statistics. The public training split was used for
model training, the official public-test split was used internally for validation and
threshold selection, and the private test split was reserved for final held-out testing.
“Annot.” reports candidate FTU instance annotations produced from the official
mask-transcoding workflow.

Train Validation Test
Organ Images Annot. Images Annot. Images Annot.
Kidney 99 337 56 321 42 286
Large intestine 58 3,105 37 1,794 24 1,056
Lung 48 188 58 1,181 71 1,515
Prostate 93 1,097 66 845 50 551
Spleen 53 167 73 273 52 157
Total 351 4,894 290 4414 239 3,565

FTUFinder localizes candidate units and supplies scale estimates

FTUFinder is the first model stage. It localizes candidate FTUs through bounding
boxes, assigns confidence scores, and supplies object-size estimates for downstream
resizing, where the size of a detected box of width w and height / is defined as
s = Vwh in original-image pixels. The detector uses an RE-DETR detection-
transformer framing in which a variable number of candidate boxes are predicted

from a tiled histology image>®.

The scale-dynamic design is motivated by a simple imaging analogy. When pho-
tographing an object, the camera can zoom in, zoom out, or move closer so that
the object occupies an appropriate size in the frame. FTURader translates this
operation into microscopy: FTUFinder estimates the object location and size, the
dynamic scaler adjusts apparent object scale and partitions large inputs into over-
lapping 1024 x 1024-pixel tiles, and the mask decoder receives each FTU at a more

consistent apparent scale. This design is intended to reduce the burden on a single
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fixed input scale to cover small crypts, larger white-pulp regions, hollow alveoli,

and other organ-specific FTU geometries.

Figure 5.2 focuses on this FTU detection and dynamic-tiling stage. Candidate
patches are sampled on stain-normalized images after empty regions are filtered. A
first FTUFinder pass raster-scans scout regions across the non-empty tissue area at
native, zoom-in, and zoom-out resolutions to estimate the characteristic FTU size.
The dynamic scaler then computes a resize factor from these candidate detections,
rescales the full input image, partitions the scaled image into overlapping 1024 X
1024-pixel tiles, and runs FTUFinder on each tile. Tile-level boxes and masks are
mapped back to the original image coordinate system and merged with a SAHI-based

duplicate-removal step implemented using the Roboflow Supervision library”8.
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Figure 5.2: FTUFinder localization and scale-estimation stage. Candidate patches
are sampled on stain-normalized images after empty regions are filtered. A first
FTUFinder pass raster-scans scout regions across the non-empty tissue area at
native, zoom-in, and zoom-out resolutions to estimate the characteristic FTU size.
The dynamic scaler uses this estimate to resize the full image, partitions the scaled
image into 1024 x 1024-pixel tiles with 50% overlap, and runs FTUFinder again to
generate final boxes for SAM2 mask decoding. SAHI-based merging, implemented
using Roboflow Supervision, maps tile-level boxes and masks back to the whole

image and removes duplicate predictions’8.

Box-prompted decoding converts detections into masks

The second-stage mask decoder follows the promptable segmentation logic of SAM
and SAM2%19 For each candidate FTU, FTUFinder supplies a bounding-box
prompt and the dynamic scaler supplies a tile at the selected apparent scale. The
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mask decoder then predicts the FTU mask within that prompt. Each decoded mask

is scored, filtered, and merged into the final output.

This design addresses a limitation of generic promptable segmentation on FTU
images. Uniform grid prompts can waste prompts on empty lumen, background, or
non-FTU tissue structures, whereas detector-derived boxes provide an anatomical
prior about where the FTU is and how much context should be included. The
detector prompt is therefore not only a computational convenience; it defines the

candidate unit that the mask decoder should refine.

Evaluation prioritizes instance-level recovery and contextualizes pixel scores

Because FTURader is designed as an instance-segmentation pipeline, the primary
evaluation question is whether it recovers separate FTU objects. Pixel-level Dice and
IoU remain useful secondary summaries because they measure whether the union of
predicted masks overlaps the annotated foreground. Both views are reported because
semantic overlap can remain high even when biologically meaningful instances are

merged, split, or duplicated.

Figure 5.3 summarizes object-level performance using F1 at fixed IoU thresholds
and COCO AP metrics. Figure 5.4 isolates the detector stage by plotting FTUFinder
bounding-box F1 across IoU thresholds, separating localization quality from down-
stream mask decoding. Figure 5.5 reports per-image Dice and IoU distributions
after predicted instances are collapsed into a semantic foreground mask. Figure 5.6
compares semantic pixel scores with a reference Team 1 result from the original

challenge context.

The Team 1 panel is retained as historical context rather than as primary evidence
of FTURader quality. The Kaggle leaderboard setting rewarded semantic Dice
optimization, whereas this chapter evaluates an instance-aware detector-prompted
design. Public solution reports for the leading challenge entries describe extensive
use of external image data, pseudo-labels, annotation regeneration, and task-specific
curation®!!=13, These strategies are valuable for leaderboard optimization but are
not controlled baselines for evaluating whether detector prompting and dynamic
scaling provide useful FTU instances. For this reason, pixel-level Dice values from
leaderboard-optimized semantic models are treated as contextual references rather

than direct one-to-one comparisons.
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Instance and COCO Scores
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Figure 5.3: Instance and COCO scores for FTU segmentation across organ-specific
FTUs. The plot reports object-level F1 at IoU thresholds of 0.50 and 0.75, together
with COCO mAP, AP50, and AP75. Higher values indicate better recovery of
separate FTU objects.
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Figure 5.4: FTUFinder bounding-box F1 as a function of the IoU threshold used for
matching predictions to ground truth. This detector-only view separates localization
quality from mask-decoder quality and helps identify organs where downstream
segmentation is limited by missed or imprecise boxes.



93

Per-Image Pixel Scores
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Figure 5.5: Per-image pixel-level Dice and IoU distributions for each organ-specific
FTU category. Diamonds mark mean scores, while individual points show image-
level variability. These semantic foreground metrics complement, but do notreplace,
instance-level object metrics.
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Figure 5.6: Pixel semantic scores compared with a Team 1 reference result from the
original FTU challenge setting. For each organ, the figure shows the reference Dice
score, the FTURader-derived semantic Dice score, and the difference. This panel is
retained as historical context rather than primary evidence of instance-segmentation
quality.
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5.3 Discussion

This chapter reframes FTU segmentation as an instance-level problem. The central
methodological idea is that FTUs should be localized, scale-normalized, and de-
coded as separate anatomical units rather than treated only as semantic foreground
pixels. FTURader implements this idea through a detector-prompted pipeline:
FTUFinder proposes object boxes and approximate scale, the dynamic scaler adapts
the field of view, and a SAM2-based decoder produces one candidate mask per
prompted FTU.

The evaluation examines candidate instance labels, FT UFinder localization, decoded
masks, pixel-level semantic summaries, and detector training with and without dy-
namic scaling. The results support the use of object-aware evaluation for FTUs and
show that the detector-prompted formulation can recover candidate FTU instances.
Performance remains organ-dependent: compact and visually distinct FTUs, such
as kidney glomeruli and large-intestine crypts, are more straightforward than am-
biguous structures such as lung alveoli, prostate acini, and splenic white pulp, whose

boundaries depend more strongly on context, scale, and tissue composition.

Several limitations remain. First, instance labels derived from semantic masks can
inherit annotation ambiguity and may require expert review before they can support
strong object-level claims. Second, organ-specific detectors and thresholds may
reduce transferability to unseen FTU classes or new staining distributions. Third,
dynamic scaling can introduce interpolation artifacts or lose context if crop padding
and target size are not chosen carefully. Fourth, duplicate detections can reduce
instance F1 even when semantic Dice improves. Finally, whole-slide deployment
requires runtime, memory, and tile-merging analysis rather than only tile-level

metrics.

Future work can build on the detector-prompted instance-segmentation framework
evaluated here. Multiplex-channel processing may allow the pipeline to use addi-
tional histological and molecular information from H&E, PAS, IHC, and spatial-
profiling images. Parameter-efficient adaptation, including LoRA-based fine-tuning,
may reduce the cost of adding new organs or FTU classes. Language-guided prompt-
ing could support anatomically defined units that are not represented in the training
set, provided that these definitions are paired with careful biological validation.
Integrating cell-type and tissue-structure features from CellSAM and DeepCell-
Type may be especially useful for ambiguous structures such as alveoli, where

septal composition contributes to the object definition. Finally, super-resolution
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and image-enhancement methods may improve segmentation when FTUs are small
relative to the input crop, but these modules should be evaluated for segmentation

accuracy, runtime, and robustness before inclusion in a deployed workflow!41©,

Overall, FTURader demonstrates a practical route from semantic FTU foreground
masks to detector-prompted FTU instances. The chapter establishes dynamic scaling
and box-prompted decoding as a framework for multi-organ FTU segmentation,
while also showing why FTU analysis is more comprehensively evaluated with

object-level metrics than with pixel overlap alone.

5.4 Methods

Dataset sources and splits

The dataset is derived from the HuBMAP/HPA FTU segmentation setting and
includes organ-associated FTU categories used in the Hacking the Human Body
challenge®. The target FTU categories are kidney glomeruli, large-intestine crypts,
lung alveoli, prostate glandular acini, and splenic white pulp. We followed the
official data split: the public training set was used for model training, the official
public-test split was used internally for validation and threshold selection, and the
private test set was reserved for final held-out testing. Source images and masks
were organized by organ, data provider, staining or imaging protocol when available,

and official split. Organ-level image and annotation counts are reported in Table 5.1.

Source semantic masks were converted into candidate instance annotations before
detector training using the official OpenCV-based mask-transcoding script from the
Hacking the Human Body organ-segmentation competition®. The conversion as-
signs a unique positive integer label to each candidate FTU against a zero-valued
background. Candidate masks were filtered for invalid geometry, converted into
bounding boxes and segmentation records, and exported in COCO format for
FTUFinder training and evaluation'’. The same candidate instances were also
exported in an SA-1B-compatible format for SAM?2 mask-decoder training, preserv-
ing image metadata, box prompts, and mask targets in the format introduced with
SAM?. Because this transcoding is the official conversion released by the challenge
dataset providers, the resulting instance annotations are used as the operational FTU

instance reference for this study rather than re-adjudicated here.

Image preprocessing and stain normalization
Images were preprocessed before detection and mask decoding to reduce empty-

region sampling and stain variation. The final model inputs used static Macenko-
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normalized RGB images. The normalizer was fit to a selected reference H&E image
with torchstain, and each source image was mapped toward that reference stain
distribution before detector or mask-decoder input!®!°. Macenko stain separation
was also used to generate hematoxylin-like and eosin-like channels for visualization
and quality control rather than as required model inputs. This quality-control check
follows the biological basis of H&E staining, in which hematoxylin highlights
nuclear material and eosin counterstains cytoplasmic and extracellular structures?’.
Reinhard color transfer, color deconvolution, and sparse stain-separation methods

provide related background for this class of preprocessing?!=23.
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Figure 5.7: Macenko stain normalization and H/E channel decomposition for FTU
preprocessing. The workflow uses torchstain to map heterogeneous H&E images
toward a selected reference appearance and then decomposes the normalized image
into hematoxylin-like and eosin-like channels for visualization and quality control.
Successful normalization should preserve interpretable stain-specific structure: nu-
clei should remain prominent in the hematoxylin-like channel, while cytoplasm and
extracellular matrix should remain prominent in the eosin-like channel.
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FTUFinder architecture and training

FTUFinder was trained as an organ-specialist FTU detector over tiled or resized
histology images. It predicts candidate bounding boxes, class labels, and confidence
scores. The detector used an RF-DETR Large architecture in a DETR-based set-
prediction framing>®. Detector outputs were used both for FTU localization and for

estimating object scale before mask decoding.

The training augmentation pipeline used static stain normalization before geometric
and color perturbations. Each training image was first normalized to the chosen
reference image. The normalized image was then randomly resized across a range
from 4x downsampling to 4x upscaling, randomly cropped to match the model input
size, and augmented with random horizontal and vertical flipping, random rotation,
and RandomPerspective transforms. Random color jitter was applied after stain
normalization and perturbed brightness, contrast, saturation, hue, and related color

properties.

Five specialist FTUFinder models were trained, one for each organ-associated FTU
category. This organ-specialist binary-detector setup was chosen because the multi-
organ FTU benchmark reported that binary models can outperform a single multi-
class model for FTU segmentation across organs>. Each specialist detector was
trained on a single NVIDIA RTX A6000 GPU, with training time ranging from 35
to 41 minutes per organ. The final detector used 300 object queries and selected
up to 100 predictions per image, a smaller query budget than the 3500-query dense
detection setting used in CellSAM*. Table 5.2 summarizes the shared training

hyperparameters.

Figure 5.8 shows the FTUFinder training loss and validation F1 curves for the
dynamic-scaling training setup. Figure 5.9 shows the validation F1 curve when
dynamic scaling is removed; the lower validation F1 supports the use of scale-

normalized training for FTU detection.

Dynamic scaling and tile merging

The dynamic scaler uses an explicit scout-and-rescale procedure to make the appar-
ent FTU size more consistent before mask decoding. For each input image, scout
patches are placed over the non-empty tissue region by a deterministic raster scan:
non-overlapping 1024 x 1024 patches are tiled left to right and top to bottom, and
only the upper-left corner of the first patch is randomized (drawn from a 50x 50-pixel

box at the top-left of the tissue region), so that all remaining patch positions follow
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Table 5.2: FTUFinder training hyperparameters. The same RF-DETR Large con-
figuration was used for the five organ-specialist detectors.

Hyperparameter Value
batch_size 16
grad_accum_steps 1

Epochs 100
Learning rate 1x10™*
1r_encoder 1.5x 1074
1r_scheduler step
weight_decay 1x107*
Optimizer AdamW
Base model RF-DETR Large
num_gqueries 300
num_select 100

amp True
Resolution 1024 x 1024

deterministically from this origin. Each scout patch is evaluated at three resolution
layers: (i) the native 1x 1024 x 1024 patch, (ii) a 4X zoom-in layer formed by divid-
ing the same field of view into sixteen 256 x 256 subtiles and resizing each subtile to
1024 x 1024, and (iii) a 4x zoom-out context crop of 4096 x 4096 pixels resized to
1024 x 1024. If the image is smaller than the zoom-out crop, the full image is used
instead. All detections from this scout stage are transformed back to the original
image coordinate system before size statistics are computed. The scan starts with
three scout patches and, if fewer than ten FTU detections have been accumulated,
continues to additional raster patches until at least ten detections are collected or the
tissue region is fully covered. Because the same FTU can be detected more than once
across the three resolution layers and adjacent raster patches, these scout detections
are merged by non-maximum suppression using an intersection-over-smaller-area
(IoS) threshold of 0.6 so that each FTU contributes only once to .

For a detected bounding box with width w and height 4 in original-image pixels,
FTU size is defined as
s = Vwh. (5.1

The image-level characteristic size is the arithmetic mean of the pooled scout-box

sizes, §. The dynamic resize factor is then

~ 300

s

@ (5.2)
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Figure 5.8: FTUFinder training curves with dynamic scaling. The plot reports
training loss and validation F1 during training of the organ-specialist FTU detectors.
These curves summarize convergence for the detector stage before box prompts are
passed to the SAM?2-based mask decoder.

so that the average detected FTU is presented to the downstream detector and mask
decoder at approximately 300 pixels. The target operating range is 100-500 pixels.
As an implementation diagnostic, a warning is recorded when the resized scout
detections would still contain objects smaller than 50 pixels or larger than 700

pixels, that is, when asyin < 50 or asmax > 700.

If the raster scan covers the entire tissue region without producing any detections,
the image is treated as containing no candidate FTUs and the pipeline returns
an empty prediction set. Otherwise, the full input image is resized by a and
partitioned into 1024 x 1024 tiles with 50% overlap. FTUFinder is applied to each
scaled tile, and each retained box is passed to the SAM2-based mask decoder to

generate an FTU mask. Tile-level predictions are converted back to the original
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Figure 5.9: FTUFinder validation F1 without dynamic scaling. Removing dynamic
scaling reduces validation F1, indicating that scale normalization is important for
presenting heterogeneous FTU sizes to the detector.

image coordinates by adding the tile offset and applying the inverse scale factor
1/a; masks are inverse-resized and cropped to the original image extent. Finally,
SAHI non-maximum merging, implemented with the Roboflow Supervision library,
consolidates duplicate or highly overlapping boxes and masks using an overlap
threshold of 0.678.

SAM2-based mask decoder training

The mask decoder receives a fixed-size image crop and is trained through the SAM2
fine-tuning pipeline. During training, each prompt is paired with the candidate
instance mask corresponding to that FTU. The decoder follows the SAM/SAM2
promptable segmentation family>!?. We trained one generalist SAM2-based mask
decoder across all five organ-associated FTU categories, while localization re-
mained handled by the five organ-specialist FTUFinder models. The general-
ist SAM2 run used the same training-augmentation pipeline as FTUFinder, in-
cluding static stain normalization, random resize, random crop, flipping, rotation,
RandomPerspective, and post-normalization color jitter. The model was trained
on a single NVIDIA RTX A6000 GPU for 10 hours and 41 minutes. A batch size
of 1 was used to fit the 48 GB GPU memory budget, num_frames was set to 1 be-
cause the task uses single images rather than video sequences, max_num_objects
was set to 5 as a training-time memory and runtime guard, and automatic mixed
precision was enabled for faster training. Table 5.3 summarizes the SAM2 training

hyperparameters.
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Importantly, max_num_objects=5 was not an inference-time cap on the number
of FTUs in an image or tile. It only limited how many object prompts and targets
were randomly sampled simultaneously in one training forward pass, because the
number of FTUs in a tile is variable and dense large-intestine or lung tiles can
exceed GPU memory or substantially slow training if all objects are loaded at
once. At inference time, the number of masks is determined by FTUFinder: every
retained bounding box is used as a prompt for the SAM2-based decoder. If many
boxes are present, prompts can be processed sequentially or in implementation-level
batches for memory efficiency, and the resulting masks are merged back into image

coordinates; no limit of five FTUs per tile or per image is imposed during inference.

Table 5.3: SAM2-based mask-decoder training hyperparameters. A single generalist
model was trained across all five organ-associated FTU categories using the same
augmentation pipeline as FTUFinder training. The max_num_objects value is a
training-time memory limit and does not cap the number of inference prompts.

Hyperparameter Value
batch_size 1

num_frames 1

Epochs 300

base_lr 5.0x 1076
vision_lr 3.0x 1076
Optimizer AdamW

Base model sam2.1_hiera_base_plus
max_num_objects 5 (training only)
amp True

Resolution 1024 x 1024

Figure 5.10 shows the training-loss curve for the 300-epoch generalist SAM?2 training

run.

Inference and threshold optimization

During inference, each organ-specific FTUFinder produces candidate boxes and
bounding-box confidence scores. The validation-selected threshold is applied only
to these FTUFinder box scores to determine which boxes are retained for mask
decoding. Thresholding on the box score rather than on a mask-derived score
is appropriate because each retained box maps one-to-one to a decoded mask,
decoding masks for very-low-confidence boxes is wasteful, and sweeping a mask-
score threshold would require decoding every low-score box (on the order of 300 per

1024 x 1024 crop at a 0.05 cutoff), which is computationally prohibitive. For each
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Figure 5.10: SAM2-based mask-decoder training loss. The curve shows loss over the
300-epoch generalist training run across the five organ-associated FTU categories.
The model uses FTUFinder box prompts and local image context to predict FTU
instance masks.

specialist FTUFinder model, we swept box-score thresholds from 0.05 to 0.99 on
the validation set. At each threshold, predicted boxes were matched to ground-truth
boxes using loU = 0.5. Precision, recall, and F1 were computed from true positives,
false positives, and false negatives, and the threshold that maximized bounding-box

F1 was selected for that organ.

After thresholding and mask decoding, each retained prediction is assigned a final
confidence estimate. This final confidence is not used for threshold optimization;
it is reported with the output mask to summarize both detection confidence and
mask-decoder confidence. We define it as the geometric mean of the FTUFinder

box score and the SAM2-based mask score:

Cmask = VCFTUFinder X CSAMS (5.3)

where crrurinder 1S the FTUFinder bounding-box confidence after thresholding and
csaMm 1is the mask-decoder confidence for the corresponding prompted mask. This
combination is a heuristic confidence estimate rather than a calibrated probability,
and because each specialist FTUFinder detector handles a single organ, predictions
are ranked only within that organ; cny,s is therefore not used for any cross-organ

SCore comparison.
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Table 5.4 reports the selected bounding-box score threshold for each specialist
FTUFinder model. These organ-specific box-score thresholds were fixed after vali-
dation and used to select prompts for downstream mask decoding and final test-set

evaluation.

Table 5.4: Validation-selected FTUFinder score thresholds. Thresholds were se-
lected independently for each organ-specialist detector by sweeping score thresholds
from 0.05 to 0.99 and maximizing bounding-box F1 at IoU = 0.5 on the validation
set.

Organ Score threshold
Kidney 0.25
Large intestine 0.36
Lung 0.13
Prostate 0.33
Spleen 0.38

Threshold choice controls a trade-off between object-level and pixel-level metrics.
Lower thresholds may retain duplicate detections, decreasing instance-level F1 by
adding false positives, while potentially improving semantic foreground coverage
after mask aggregation. Higher thresholds may reduce duplicate predictions but miss
difficult FTUs. For this reason, detector thresholds were selected with an explicit
instance-level criterion and then fixed before final testing. It is important to note,
however, that an F1-optimized threshold is not necessarily optimal for human-facing
review or deployment. Because F1 rewards recall as well as precision, the selected
threshold can retain additional candidate boxes in difficult categories such as lung
and prostate. In practical applications where cleaner visual outputs are preferred,
users may increase the bounding-box score threshold to obtain more conservative

predictions, accepting a potential reduction in recall.

Evaluation metrics

The evaluation is organized into bounding-box-level, instance-level, and pixel-level
measurements. All metrics were computed separately for each organ-specific FTU
category. Bounding-box evaluation matches predicted and ground-truth boxes by
IoU. For a selected IoU threshold, matched predictions are counted as true-positive
objects, unmatched predictions as false-positive objects, and unmatched ground-

truth boxes as false-negative objects. Precision, recall, and object-level F1 are then
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computed from these object counts:

2 X precision X recall

I:“lobject = (5.4)

precision + recall

Instance-level segmentation is evaluated after converting each predicted FTU into
an individual mask instance. Predicted and ground-truth instances are matched
by mask IoU. COCO AP summarizes precision across loU thresholds from 0.50
to 0.95 in increments of 0.05, while COCO AP50 and AP75 report AP at fixed
ToU thresholds of 0.50 and 0.75!'7. COCO AP ranks predictions by the combined

confidence cmask = VCFTUFinder X CSAM- Because average precision integrates over

the full precision—recall curve rather than scoring a single operating point, the AP
computation retains FTUFinder boxes at a low score threshold of 0.05, instead of the
higher validation-selected per-organ thresholds (Table 5.4), so that lower-confidence
detections still contribute to the ranking. These object-level metrics evaluate whether
the pipeline identifies separate FTU objects rather than only predicting the correct

foreground pixels.

Pixel-level evaluation collapses predicted FTU instances into a semantic foreground
mask and compares it with the ground-truth foreground mask. Pixel-level fore-

ground Dice and IoU are computed per image as

21PN G| oU PN G

1) iX = ) 55
PI+1C] Pl = 5G] ©-)

Dicepixel =

where P is the predicted foreground pixel set and G is the ground-truth foreground
pixel set. Equivalently, when true positives (T Ppixel), false positives (F Ppixel), and
false negatives (F Npixel) denote foreground pixels rather than matched instances, as

discussed in Section 2.3,

. 2TP pixel
chepixel = . (5.6)
2TP pixel T FP pixel T FN, pixel
TPy,
T0Upixel = e (5.7)

TPpixel + FPpixel + FNpixel .

Code availability
The FTURader codebase is maintained in a private GitHub repository at https:
//github.com/vanvalenlab/ftu_dev. A public repository will be released

after publication.


https://github.com/vanvalenlab/ftu_dev
https://github.com/vanvalenlab/ftu_dev
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5.5 Extended Data

Qualitative visualizations show pixel-level and instance-level outputs

Qualitative inspection complements the quantitative metrics by showing whether
predicted foreground pixels also form plausible individual FTU instances. For each
organ-specific FTU category, five private-test images were randomly selected for
qualitative review. The examples shown in Figures 5.11-5.15 were chosen from
those randomly selected images and are not intended to represent either the best or
the worst cases. Each visualization includes both pixel-level semantic results and
instance-level predictions so that foreground coverage and object separation can be

assessed together.
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Prediction semantic | Dice=0.979, loU=0.9!
VN )

Figure 5.11: Kidney private-test examples. Panels a and b show two images with
pixel-level semantic and instance-level glomerulus results. The examples were
chosen from five randomly selected private-test images and are not intended to
show best-case or worst-case performance.
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GT semantic | image_id=300000000

Figure 5.12: Large-intestine private-test examples. Panels a and b show two images
with pixel-level semantic and instance-level crypt results. The examples were chosen
from five randomly selected private-test images and are not intended to show best-
case or worst-case performance.
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Prediction semantic | Dice=0.783, loU=0.643

Figure 5.13: Lung private-test examples. Panels a and b show two images with
pixel-level semantic and instance-level alveolus results. The examples were chosen
from five randomly selected private-test images and are not intended to show best-
case or worst-case performance.
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GT semantic | image_id=300000011 Prediction semantic | Dice=0.941, loU=0.888

b GT semantic | image_id=300000030 Prediction semantic | Dice=0.898, IoU=0.816

GT instances | n=10 Prediction instances | n=23

Figure 5.14: Prostate private-test examples. Panels a and b show two images with
pixel-level semantic and instance-level glandular acinus results. The examples were
chosen from five randomly selected private-test images and are not intended to show
best-case or worst-case performance.
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GT semantic | image_id=300000024 Prediction semantic | Dice=0.942, 1oU=0.891

GT instances

Prediction instances

b GT semantic | image_id=300000013 Prediction semantic | Dice=0.901, IoU=0.819

GT instances | n=2 Prediction instances | n=2
2 2

Figure 5.15: Spleen private-test examples. Panels a and b show two images with
pixel-level semantic and instance-level white-pulp results. The examples were
chosen from five randomly selected private-test images and are not intended to
show best-case or worst-case performance.
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Chapter 6

CONCLUSION AND FUTURE DIRECTIONS

6.1 Thesis Synthesis

Biological image segmentation is not only a prediction task. It is the measurement
layer that turns microscopy images into biological objects that can be counted, com-
pared, tracked, and interpreted. A cell boundary determines measured morphology
and molecular neighborhood. A functional tissue unit (FTU) boundary determines
which cells and extracellular regions are assigned to the same anatomical structure.
Errors in these boundaries therefore propagate into biological conclusions about

density, organization, spatial context, and disease-associated tissue states.

This thesis addressed segmentation as a multiscale measurement problem. The
central claim is that reliable biological segmentation requires four ingredients: data
representations that preserve the object being measured, evaluation protocols that
match the biological question, model designs that fit the available annotation regime,
and scale-aware adaptation when the target shifts from cells to tissue structures. The

chapters test this claim across the progression from cell masks to FTU instances.

The progression mirrors a broader change in the field. U-Net!, Mask R-CNN2,
DETR?, and Mask2Former* established powerful architectures for semantic, in-
stance, and panoptic segmentation. Cellpose’, StarDist®, Mesmer’, and Omnipose®
showed that biological shape, boundary, and flow priors can make cell segmentation
practical across important microscopy settings. SAM® and SAM2!9 changed the in-
terface by making segmentation promptable. This thesis shows that those advances
become biologically useful only when the interface, data, and metrics are adapted

to the object of interest.

Chapter 2 built the measurement foundation. Chapter 3 tested a geometric prior
for limited-label cell segmentation. Chapter 4 moved to detector-guided generalist
cell segmentation through CellSAM and CellFinder!!. Chapter 5 extended the same
logic to FTUs through FTURader and FTUFinder, where scale, anatomy, tissue
context, object size, and whole-slide constraints become central. Together, these
chapters support a single conclusion: the biological unit being measured should
determine the segmentation system, from data representation and evaluation metrics

to model design.
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6.2 Contributions Across Chapters

Chapter 2 established the data and evaluation foundation for the rest of the thesis.
Heterogeneous cell segmentation datasets differ in image size, modality, annota-
tion convention, mask representation, and evaluation metric. Without controlled
representation and evaluation, improvements can be difficult to interpret because
conversion, tiling, small-object encoding, or metric choice can change the apparent
performance of a model. The chapter’s contribution is not a single all-purpose file
format, but an explicit workflow for COCO-compatible conversion, small-object
mask fidelity, dataset provenance, tiling, normalization, and object-level as well as

pixel-level metric reporting!>13.

Chapter 3 addressed the limited-label regime, where expert annotations are scarce
and large models can be difficult to train from scratch. Microscopy images often lack
a canonical in-plane orientation, making rotation and reflection equivariance a plau-
sible prior'*. Building on earlier evidence that rotation equivariance can improve
sample efficiency in segmentation!®, the chapter tested finite rotation/reflection-
equivariant feature processing in a Mask2Former-based pipeline. The result was
conditional: equivariance was most useful in the small C. elegans no-augmentation
setting without pretraining, but it was not clearly superior on the larger TissueNet

experiment and carried substantial runtime and memory cost.

Chapter 4 shifted from hand-designed priors toward foundation-model adaptation.
Segment Anything® demonstrated the power of promptable segmentation, but dense
cell images pose a different problem from ordinary natural-image prompting. Cells
are small, numerous, and embedded in modality-specific imaging characteristics.
CellSAM addresses this mismatch by coupling CellFinder, which detects candidate
cells, with a promptable mask decoder!!. The key design move is to make prompting
automatic and biological: CellFinder supplies the cell hypotheses that make a general

mask decoder useful for dense microscopy.

Chapter 5 extended this detector-prompted logic from cells to FTUs. FTUs are not
merely larger cells. They are multicellular anatomical structures whose boundaries
can depend on tissue context, lumen shape, organ type, and staining variation. Work
from human reference atlas (HRA) construction has made these structures important
targets for computational pathology and spatial biology'®!”. The chapter therefore
proposed FTURader, a detector-first, scale-dynamic pipeline in which FTUFinder
localizes candidate FTUs, a dynamic scaler normalizes their apparent size, and

10,18

a SAM2-based decoder produces masks from prompts The contribution is
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a framework for moving from cell-level segmentation toward FTU segmentation

without assuming that a cell model will transfer directly to anatomy.

6.3 Cross-Cutting Principles

The first principle is that evaluation must follow the biological question. Object-level
metrics (F1, Jaccard, COCO AP) and pixel-level metrics (Dice, IoU) summarize
different errors. A high pixel-overlap score can hide merged cells, split FTUs, or
missed rare objects. Conversely, a model may identify most objects but still produce
boundaries that are not sufficient for morphology or downstream spatial analysis.
For that reason, evaluation should be interpreted as part of the experimental design

rather than a final bookkeeping step!?.

The second principle is that model bias and data scale are substitutes only within
limits. When data are scarce, a reliable prior such as rotation/reflection equivariance
can reduce the burden on labels and augmentation. When data diversity, pretraining,
and promptable interfaces become available, a broader generalist model may cover
visual variation that a narrow hand-coded prior cannot. This tradeoff explains
the thesis movement from equivariant Mask2Former in Chapter 3 to CellSAM in
Chapter 4.

The third principle is that promptable models need biological front ends. In this
thesis, CellFinder supplies cell locations for CellSAM, and FTUFinder supplies
tissue-unit locations and scale estimates for FTURader. This division separates the
question of finding the biological object from the question of drawing its boundary.
It also defines a failure path: missed or imprecise detections can propagate into the
final masks. The practical value of promptable segmentation therefore depends on

the detection quality of the prompt generator.

6.4 Limitations

The conclusions of this thesis are bounded by dataset coverage. Even large cell
datasets cannot cover all species, instruments, stains, perturbations, disease states,
or multiplexed assays. FTU datasets are narrower still because anatomical structures
differ across organs and expert annotation is more specialized. Broad performance
should therefore be interpreted as evidence across the tested distribution, not as

task-independent reliability.

Annotation quality remains a second boundary. Segmentation models inherit the

conventions and ambiguities of their labels. A mask can be internally consistent
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yet biologically partial if annotators disagree about weak boundaries, overlapping
objects, luminal spaces, or tissue-unit extent. Chapter 2 addressed representation
fidelity, but representation fidelity is not the same as biological truth. Future
benchmarks should report annotation lineage, review protocol, uncertainty, and

expert adjudication when the masks will support biological claims.

Foundation models also introduce a third boundary. Their performance depends on
training-data support, prompt reliability, and deployment-domain similarity. Cell-
SAM provides strong evidence that detector-guided prompting can work across
diverse cell images!!, but it still depends on robust detection and should be val-
idated when applied to new modalities or unusual morphologies'®. SAM-based
models similarly require careful adaptation before they can be trusted in automatic

20

biological workflows<”. In this sense, generality is an empirical property to be

tested, not a label that removes the need for validation.

The FTU work has a different boundary. FTURader provides a detector-prompted
route from semantic FTU foreground masks to candidate instances, but broad bi-
ological claims require stronger validation across organs, scanners, stains, tissue-
preparation protocols, disease states, and expert review workflows. The biological
utility of FTU segmentation should ultimately be judged by whether it strengthens
tissue organization analysis, HRA construction, or disease interpretation!®!7.

6.5 Future Directions

A major future direction is a unified multiscale biological foundation model. A
useful multiscale system should connect nuclei, whole cells, FTUs, tissue compart-
ments, and organ regions while preserving the relationships between these objects.
This requires hierarchical training data, scale-aware prompts, and metrics that pre-
vent one scale from dominating the evaluation. The goal is not simply one model for
every mask, but one measurement framework in which objects at different biological

scales remain organized with each other.

Interactive and human-in-the-loop segmentation is another important direction. Bi-
ologists and pathologists often recognize an incorrect mask quickly, but they need
tools that make correction fast, traceable, and useful for model refinement. Prompt-
able systems can combine points, boxes, scribbles, active learning, uncertainty es-
timates, and expert review in tools such as napari or whole-slide viewers. CellSegl
points toward this direction by adapting SAM with LoRA from one image with only

a few annotated cells>!. The key challenge is to make model behavior predictable
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enough that expert corrections improve the dataset and the deployed model rather

than only the current image.

Multimodality and multiplexed imaging will require more flexible input represen-
tations. Future models should handle multiplex fluorescence, phase contrast, H&E,
spatial transcriptomics imaging, mass cytometry imaging, and electron microscopy.
These modalities differ in channel semantics, resolution, noise, and biological sig-
nal. Channel-aware encoders, modality-specific adapters, and parameter-efficient
fine-tuning may extend segmentation systems without retraining every component

from the beginning??.

Scalable whole-slide and 3D segmentation remains an open engineering and scien-
tific problem. Whole-slide images require tiling, streaming inference, stitching, and
global context aggregation. Volumetric microscopy requires memory-efficient 3D
models and robust propagation across slices. Extending the methods in this thesis

to these settings will require both model changes and suitable data infrastructure.

6.6 Final Perspective

The long-term objective of biological image segmentation is not to produce visually
plausible masks. It is to create reliable computational representations of biological
structure. This thesis contributes to that objective by connecting four levels of the
problem. These are the data representation that defines the measured object, the
metric that decides whether the object was recovered, the model prior or prompt
that makes segmentation feasible, and the scale adaptation needed when the object

changes from a cell to an FTU.

This perspective makes segmentation a bridge between microscopy and biological
reasoning. When the bridge is weak, downstream analyses can become precise
measurements of the wrong object. When it is strong, segmentation can support cell-
state mapping, spatial neighborhoods, tissue-unit morphometry, atlas construction,
and disease interpretation. The central lesson of the thesis is therefore simple but
demanding: biological segmentation systems must be evaluated and designed as
measurement systems for specific biological units. That standard is harder than
predicting a mask, but it is the standard required for segmentation to become a

trustworthy foundation for quantitative biology.
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dense cellular image, 53
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detector-guided prompting, 48
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B distribution shift, 55
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equivariance, 8

biological microscopy, 1
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rotation, 8

C Equivariant Mask2Former, 7, 28
cell morphology, 55 escnn, 28
Cell Preprocessing and Evaluation evaluation
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cell segmentation, 7, 13, 48 pixel-level, 22
CellFinder, 7, 48
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CellSAM, 7, 48 F1 score, 22, 56
CellSAM-generalist, 56 feature pyramid network, 35
CellSAM-specialist, 56 few-shot learning, 56
COCO AP, 64 finite rotation/reflection group, 8
COCO AP50, 67 foundation model, 48
COCO format, 3, 62 FTU, see functional tissue unit
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COCO mAP, 67 FTURader, 7, 87
COCO metrics, 67 functional tissue unit, 1
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data conversion, 3 ground-truth prompt, 53
data leakage, 51 group-equivariant convolution, 8
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inference, 51 pixel-wise hashing, 62
instance segmentation, 4, 50 point prompt, 50
inter-annotator agreement, 56 polygon annotation, 3, 13
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threshold, 67 precision-recall curve, 67
invalid cell label, 62 prompt encoder, 64
IoU prediction head, 65 prompt engineering, 61
promptable segmentation, 4, 50
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k-means clustering, 64
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live-cell imaging, 57 ResNet-50, 31
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Macenko normalization, 7, 96 SAM?2, 4
mask decoder, 7, 48 Segment Anything Model, 4, 48
mask encoding, 14 semantic segmentation, 4
mask fidelity, 4 small-object segmentation, 14
Mask2Former, 4 spatial biology, 57
Mesmer, 53 spatial transcriptomics, 57
model neck, 53 stain normalization, 7
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NMS, see non-maximum suppression thresholding, 64
non-maximum suppression, 53 tiling, 4
normalization TissueNet, 6, 52

intensity, 4 training

two-stage, 55

O

) ) training data distribution, 57
object detection, 51

set prediction, 53 U
object matching, 21 u-segment3D, 66
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vision transformer, 35, 49 YeastNet, 6, 52
ViT, see vision transformer YeaZ, 6

W

whole-cell segmentation, 52 Z

whole-slide image, 86 zero-shot evaluation, 50
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