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Abstract

Cell segmentation plays a key role in a wide range of biomedical imaging applications,
from single-cell analysis to pathology assessment. While classical deep learning architec-
tures such as U-Net, StarDist, and HoVer-Net have set strong baselines, their reliance on
domain-specific training limits generalization across diverse microscopy modalities. The
emergence of foundation models, particularly the Segment Anything Model (SAM) and
its derivatives, has introduced a paradigm shift toward more universal and adaptable
segmentation frameworks. In this review, we summarize key advances in microscopy cell
segmentation, highlighting both traditional methods and recent foundation model-based
approaches. Beyond surveying the literature, we present an experimental comparison of
four representative models—our proposed YOLO-SAM, along with CellSAM, Cellpose-
SAM, and StarDist—tested on both fluorescence and brightfield microscopy spanning
diverse cell populations and shapes. Our findings illustrate trade-offs between accuracy,
robustness, and adaptability, with foundation-based models showing particular promise
for cross-domain performance. By combining a comprehensive review with systematic
benchmarking, this work provides practical guidance for researchers and outlines current
challenges and future opportunities in developing robust, generalizable cell segmentation
methods for microscopy.

Keywords: deep learning; microscopy; cell segmentation; foundation models; machine
learning; instance segmentation

1. Introduction

Accurate cell segmentation is a foundational step in many biomedical image analysis
pipelines, serving as the basis for quantifying cellular morphology, tracking dynamic
behaviors, and understanding tissue architecture. It enables downstream tasks such as
cell classification, phenotype analysis, and pathology assessment. In clinical research and
diagnostics, precise delineation of individual cells from microscopy images is critical for
detecting disease-related changes. For instance, in breast cancer, analyzing cell shapes, sizes,
and spatial arrangements in histopathology or fluorescence images can reveal key features
of tumor progression, heterogeneity, and response to treatment [1]. Manual annotation,
while reliable, is labor-intensive and not scalable, especially with large datasets generated
by high-throughput imaging platforms. This creates a strong demand for automated, robust
segmentation methods that can support both research and clinical decision-making.
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Microscopy imaging plays a central role in studying cellular morphology and behavior,
with a variety of modalities offering different levels of contrast, resolution, and complex-
ity. Fluorescence microscopy is widely used for its ability to highlight specific cellular
components, but it often requires labeling, suffers from photobleaching, and may intro-
duce imaging artifacts [2,3]. On the other hand, label-free techniques such as brightfield,
phase-contrast, and Differential Interference Contrast (DIC) microscopy are more accessible
and suitable for live-cell imaging, yet they produce low-contrast or artifact-prone images
that make segmentation particularly challenging [4]. Variations in cell shape, density,
and imaging conditions across and within these modalities further complicate segmenta-
tion tasks, requiring models to be robust, adaptable, and capable of generalizing across
diverse visual features.

Cell segmentation tasks vary in complexity depending on the level of detail and di-
mensionality required. Semantic segmentation involves classifying each pixel as cell or
background, without distinguishing between individual cells. In contrast, instance segmen-
tation not only identifies cell pixels but also separates overlapping or adjacent cells into
distinct objects, which is crucial for accurate quantification. Beyond 2D images, 3D segmen-
tation extends analysis into volumetric data from confocal or light-sheet microscopy [5],
introducing challenges related to anisotropic resolution and data size. Additionally, cell
tracking across time-lapse sequences combines segmentation with temporal association, es-
sential for studying cell migration, division, and dynamic processes [6]. Each of these tasks
demands tailored algorithmic strategies and often requires domain-specific adaptations to
handle noise, variability, and complex morphologies present in microscopy data.

Over the past decade, deep learning has transformed the field of biomedical image
analysis, offering powerful tools for automating complex tasks like cell segmentation. Con-
volutional neural networks (CNNSs), such as U-Net [7] and Mask R-CNN [8], have become
standard for learning rich feature representations from annotated datasets. However, their
performance requires task-specific training and sufficient labeled data. More recently,
foundation models—large-scale, pretrained architectures like the Segment Anything Model
(SAM) [9]—have emerged as versatile alternatives. These models are designed to generalize
across domains with minimal task-specific tuning, opening new possibilities for applying
Artificial Intelligence (Al) to diverse biomedical imaging problems. By leveraging massive
datasets and powerful transformers, foundation models promise greater flexibility and
robustness, even in challenging or low-data scenarios such as rare cell types or variable
staining conditions.

Despite the rapid advancement of deep learning and the recent emergence of foun-
dation models, there is still a lack of comprehensive evaluations comparing these models
specifically in the context of cell segmentation in microscopy. Most existing surveys focus
either on traditional segmentation methods or on general-purpose Al models without
addressing their suitability for biological data. This review aims to bridge that gap by
offering a focused comparison between classical and modern approaches, with a particular
emphasis on foundation models like SAM and their adaptations for cell segmentation.

In addition to reviewing the current literature, we conducted a systematic experimen-
tal evaluation across multiple microscopy datasets containing brightfield and fluorescence
images of different cell types. To provide a comprehensive assessment across the current
methodological landscape, we benchmarked four representative models selected to span
distinct architectural paradigms: StarDist [10] serves as the baseline for traditional, fully
localized geometric modeling, while the emerging trend of foundation-model adaptation is
represented by three approaches: CellSAM [11] (strong zero-shot performance), Cellpose-
SAM [12] (hybrid architecture with strong generalization capabilities), and our proposed
YOLO-SAM framework (decoupled local detection paired with a foundation decoder for
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segmentation). This evaluation aims to provide practical guidance for researchers and prac-
titioners in selecting appropriate segmentation tools based on their specific annotation and
computational bounds, while also highlighting the current limitations and opportunities
that remain for future methodological advances.

2. Review
2.1. Trends in Publications and Research Focus

The task of cell segmentation in microscopy has become a key area of research in
biomedical image analysis given its essential role in quantifying cellular phenotypes, track-
ing dynamics, and supporting diagnostic workflows. Over the past two decades, this field
has gone through a significant evolution from the use of classical image processing methods
to the adoption of modern deep learning techniques. This reflects, not only technological
advancements in microscopy and computation, but also an increasing demand for scalable
and accurate analysis in high-throughput biology and clinical pathology.

In the early 2000s, segmentation tasks relied heavily on traditional computer vision
algorithms. These included global and adaptive thresholding techniques such as Otsu’s
method [13], edge detection [14], watershed-based segmentation [15], and morphological
operations (useful in tasks like noise removal or shape extraction). Such methods were
often combined with manual feature extraction and simple machine learning classifiers,
like support vector machines [16] and random forests [17]. While these approaches worked
reasonably well on clean and high-contrast images, they struggled in cases with dense cel-
lular clustering, diverse cell shapes, and noisy backgrounds. Such conditions are common
in modalities like brightfield and phase-contrast microscopy [4]. During this phase, tools
like CellProfiler [18] were instrumental as they provided a flexible, open-source platform
that enabled experts to design image analysis workflows combining segmentation, feature
extraction, and statistical quantification. It helped establish reproducible pipelines for
large-scale biological experiments, such as RNAi screening [19] and early high-content
phenotypic profiling works [20].

With the advances in microscopy and the growth of high-throughput imaging with
techniques such as fluorescence labeling, live-cell imaging, and volumetric scanning,
the complexity and quantity of image data increased substantially. This highlighted the
limitations of previous segmentation approaches and provoked a shift towards data-driven
methods. The introduction of deep learning into biomedical image analysis in the mid-
2010s was a turning point. A major advancement was the U-Net architecture [7], which
was designed specifically for biomedical segmentation. Its encoder—decoder structure with
skip connections enabled precise localization while leveraging multi-scale features, and it
showed strong performance with relatively few labeled samples. U-Net became the basis
for many other variants and extensions across microscopy, histology, and other medical
imaging domains [21,22].

Throughout the late 2010s and early 2020s, a variety of deep learning models were
proposed to address the main challenges in microscopy. These include dealing with
dense cellular clustering [23,24], segmenting overlapping or irregularly shaped cells [10],
and adapting to multiple imaging modalities [25]. Deep learning was also extended to 3D
segmentation [26] and cell tracking in time-lapse data [6]. A growing number of public
datasets and community benchmarks supported these developments. Challenges like the
Data Science Bowl 2018 [27], the ISBI Cell Tracking Challenge [28] or the NeurIPS 2022 Cell
Segmentation Challenge [29] offered high-quality annotations and standardized evalua-
tion metrics. These resources accelerated the research progress by enabling reproducible
comparisons and catalyzing community innovation.
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More recently, between 2023 and 2025, there has been a rise in methods using foun-
dation models and multimodal learning to further improve segmentation accuracy and
generalization across diverse datasets. The combination of vision transformers with con-
volutional architectures have demonstrated superior performance on complex tasks in-
volving heterogeneous cell populations and varying imaging conditions [30]. In addition,
self-supervised and few-shot learning approaches have gained attention, addressing the
problem of limited annotated training data by enabling models to learn robust representa-
tions directly from unlabeled images [31,32]. These innovations have established a trend
towards more flexible, scalable, and generalizable segmentation methodologies, pushing
the boundaries of biological image analysis.

The growing attention to cell segmentation in microscopy is evident from the steady
rise in scientific publications over the past two decades. A PubMed query using the terms
“microscopy” AND “cell segmentation” returned 305 works in the year 2000 compared to
peaks above 600 in 2021, with publication counts remaining above 500 in subsequent years
(see Figure 1). This surge is particularly marked after 2015, coinciding with the widespread
adoption of convolutional neural networks, transfer learning, and self-supervised learning
in biomedical imaging [33,34]. The trend highlights a clear methodological shift from
classical image processing approaches to deep learning-based strategies. More recently,
research has begun to explore foundation models and multimodal frameworks, reflecting
the field’s continuous push toward robust, generalizable, and biologically meaningful
cell segmentation.

Microscopy Cell Segmentation Publications (2000-2025)
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Figure 1. Bibliometric trend of publications related to microscopy cell segmentation (2000-2025).
The y-axis represents the total number of publications identified via PubMed using the search query:
(“microscopy’’ AND ‘‘cell segmentation’”).

2.2. Applications of Cell Segmentation in Biomedical Research

Cell segmentation is a foundational component of biomedical image analysis. It
enables multiple downstream applications in both research and clinical domains. Accurate
delineation of individual cells and nuclei provides essential information about morphology,
spatial organization, and temporal dynamics, which can be exploited in fields like cancer
diagnostics, drug screening, and developmental biology.

In cancer, precise nuclear and cytoplasmic segmentation is utilized to extract features
like size, shape, and texture that correlate with malignancy, mitotic activity, and tumor
grade [35,36]. Concretely, histopathology workflows use instance segmentation for tumor
boundary delineation, detection of tumor-infiltrating lymphocytes, and gland segmentation
in prostate and breast cancer tissues. By automating these tasks, segmentation reduces
inter-observer variability and significantly speeds up diagnostic processes.
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In drug discovery and high-content screening, segmentation allows the quantification
of phenotypic responses at a single-cell level. Tools such as CellProfiler [18] have made
it possible to perform large-scale profiling of cellular morphology in response to drug
perturbations, facilitating mode-of-action prediction and toxicity assessment [37].

Segmentation is also crucial in developmental and stem cell biology, where tracking of
cells over time in 3D images allows lineage tracing and understanding of morphogenetic
processes [28]. Similarly, in neuroscience, nuclear and soma segmentation is used to analyze
cell distributions, layer structures, and pathological changes in brain tissue.

Recent progress in spatial omics technologies, such as spatial transcriptomics and
multiplexed imaging, depend on cell segmentation to map molecular data to individual
cells, enabling spatially resolved single-cell analysis [38]. This integration of imaging and
genomics needs highly accurate segmentation, particularly in densely packed tissues with
diverse cell types.

Overall, cell segmentation functions as the bridge between raw microscopy images
and quantitative biological insight. Its applications are increasingly diverse and key for
modern biomedical research.

2.3. Microscopy Techniques

Microscopy-based biomedical research encompasses a wide range of cell types, includ-
ing cultured mammalian cells, stem cells, microbial organisms, and tissue biopsies. Each of
them contains different morphological features and presents unique imaging challenges.
For example, breast cancer cell lines such as MCF-7 and T47D are widely used in cancer
biology to investigate tumor progression and drug responses [39,40]. Meanwhile, cells
like Staphylococcus aureus serve as a key model in microbiology and infectious disease
research [41]. Additionally, tissue sections introduce further complexity due to their dense
and diverse cellular composition [1].

Addressing this wide variety of cellular features required the development of multiple
microscopy approaches tailored to different needs. Early advances in microscopy began
with transmitted light techniques such as phase-contrast microscopy [42], polarized light
microscopy [43], and differential interference contrast (DIC) microscopy [44]. These label-
free modalities enhanced the visibility of live cells by increasing intrinsic contrast without
the need for staining. Although they represented a significant improvement for cell biology
research, these techniques posed some limitations for automated image analysis.

Over time, microscopy techniques have developed into two primary categories: labeled
and label-free imaging. Label-free methods, such as brightfield and phase-contrast microscopy,
have been key for live-cell observation due to their simplicity and non-invasive nature.
However, these modalities often suffer from low contrast and less clear cellular features, which
present significant challenges for computational analysis and segmentation [45]. In contrast,
the rise of labeled imaging, most notably fluorescence microscopy, revolutionized cell biology
by enabling the visualization of specific biomolecular structures. This distinction between
label-free and labeled approaches continues to shape modern imaging strategies, particularly
in how image data is interpreted and processed by automated pipelines.

Fluorescence microscopy remains one of the most powerful and used tools in modern
cell biology, offering specific and dynamic visualization of cellular structures and processes.
This technique uses fluorescent probes like dyes, genetically encoded fluorescent proteins,
and targeted antibodies. These bind selectively to biomolecules such as proteins, lipids,
or ions [46]. This molecular specificity has enabled major advances in understanding
cellular organization, protein localization, and real-time signaling events.

To overcome the diffraction limit of conventional fluorescence microscopy, several
super-resolution techniques have been developed. Methods such as Photoactivated Local-
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ization Microscopy (PALM) [3], Stimulated Emission Depletion (STED) [2], and Stochastic
Optical Reconstruction Microscopy (STORM) [47] allow imaging at the nanometer scale,
making it possible to study subcellular architectures with higher detail.

Building on these advances, fluorescence microscopy has further evolved to address
limitations in imaging depth, speed, and live-cell compatibility. Light-sheet fluorescence
microscopy (LSEM) [5] and, in particular, lattice light-sheet microscopy (LLSM) [48] allow
fast and volumetric imaging of live cells and tissues with minimal photodamage. These
techniques have enabled the capture of dynamic biological processes in three dimensions
over time, with recent applications such as embryogenesis [49], neural activity mapping [50],
and immune cell dynamics [51].

More recently, fluorescence microscopy has advanced through high-content and
multiplexed imaging strategies. Techniques such as spectral imaging, molecular bar-
coding, and sequential fluorescence in situ hybridization (seqFISH) [52,53] allow for the
simultaneous detection of many molecular species within the same sample. In addition,
the integration of deep learning and artificial intelligence is rapidly transforming fluores-
cence microscopy data analysis. Al-driven methods enhance image denoising, resolution,
and segmentation [54,55]. This facilitates the reconstruction of high-quality images from
low-exposure data, reduction of phototoxicity, and even prediction of fluorescence labels
from transmitted-light images. Together, these advances demonstrate how fluorescence
microscopy keeps pushing the boundaries of cellular imaging.

2.4. Computer Vision Tasks

Artificial intelligence has revolutionized the analysis of microscopy data by enabling
a broad spectrum of tasks, from low-level image interpretation to complex biological
insight. The main Computer Vision (CV) tasks in this domain include object detection,
classification, semantic and instance segmentation, anomaly detection, cell tracking, and 3D
segmentation and reconstruction. Each of these plays an important role in biomedical
image analysis, enabling processes like quality control, phenotyping, and the modeling of
dynamic biological processes.

Object Detection consists of identifying and localizing individual cells or structures
using bounding boxes. This tasks often serves as a first step for more complex tasks such
as segmentation or tracking. While traditional detection relied on handcrafted features
and region proposal methods [56], deep learning-based detectors such as the Single Shot
Multibox Detector (SSD) [57] and You Only Look Once (YOLO) [58] revolutionized the
field by achieving real-time and end-to-end detection in a single network pass. Even
though these models were originally developed for natural scenes, they have been adapted
for microscopy and histopathology images to detect nuclei, mitotic events, and tissue
abnormalities [59]. Object detection plays a key role in applications like mitosis detection
in cancer diagnostics and identifying regions of interest for downstream analysis [33].

Image Classification is one of the most fundamental tasks, where models are trained
to assign discrete labels to full images or certain regions of interest. Common applications
in biomedical contexts involve classifying between cancerous and non-cancerous tissue
samples, identifying different cell types, detecting stages of infection, or predicting cel-
lular responses to treatments. In the past, most of the methodologies contained image
descriptors and classical machine learning methods, such as random forests or support
vector machines [60]. However, they have been replaced by convolutional neural networks
(CNNs) given their higher ability to learn feature representations. In high-content screen-
ing workflows, classification models are often used for automated phenotypic profiling,
supporting large-scale drug discovery and toxicity studies [61].
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More recent trends in microscopy classification include the adoption of transformer-
based architectures [62], self-supervised learning [63], and multimodal fusion (e.g., combin-
ing image data with metadata or gene expression) [64]. These approaches aim to enhance
generalization across datasets and experimental conditions, which is the main challenge in
the field due to batch effects and biological variability.

Additionally, explainability is a growing research focus. Saliency maps, class activation
maps (CAMs), and other visualization techniques are used to highlight those regions that
contribute most to the model’s decision, supporting interpretability in clinical or biological
contexts [65,66].

Semantic Segmentation provides pixel-level classification of microscopy images, as-
signing each pixel to a specific class, such as nucleus, cytoplasm, background, or tissue
type. This task is particularly important for morphometric analyses, allowing researchers to
quantify features like cell size, shape, and spatial organization. A major advancement in this
area was the development of U-Net [7], which introduced a symmetric encoder—decoder
architecture with skip connections, enabling accurate localization and robust generalization
from relatively small datasets. Since then, U-Net has become the baseline in the field,
inspiring numerous adaptations and extensions incorporating deeper backbones, residual
connections, attention modules, and adversarial refinement strategies [67,68]. Comple-
mentary architectures such as DeepLab [69] have also demonstrated strong performance,
particularly with their use of dilated convolutions and fully connected conditional random
fields (CRFs) for improving object boundary precision. These models have been adapted
for biomedical images, where capturing fine details such as cell borders is essential.

More recently, transformer-based architectures and transfer learning have shown
promising results for generalization across datasets. Models like UNETR [70] and Seg-
Former [71] leverage self-attention mechanisms, improving segmentation accuracy in
complex biomedical samples. These architectures, combined with transfer learning strate-
gies, have shown strong performance even with limited annotated data. For instance,
comparative studies of deep transfer learning models have demonstrated their potential
for generalization and domain adaptation [72]. Such approaches reduce the dependence on
large annotated datasets while enhancing cross-domain robustness.

Semantic segmentation has now been applied to a wide range of imaging modalities,
from fluorescence microscopy of cultured cells to brightfield and histological tissue sections.
Ongoing challenges, like staining variability, imaging artifacts, and domain shifts across
labs and instruments, have grown interest in unsupervised domain adaptation and self-
supervised pretraining techniques.

Instance segmentation goes beyond semantic segmentation by not only classifying
each pixel but also distinguishing individual objects within the same class (see Figure 2).
This detail is critical for analyzing densely packed or overlapping cells. In single-cell biology;,
instance segmentation enables accurate quantification of cell counts, spatial organization,
and cellular heterogeneity.

Image Object Detection Semantic Segmentation Instance Segmentation

y 9 .
¢ ﬁo.o o 0.80 ®
: ®

Figure 2. Illustration of different computer vision tasks in biomedical imaging.
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State-of-the-art approaches in cell instance segmentation have been built upon general
frameworks such as Mask R-CNN [8], adapted to biological imaging contexts. Domain-
specific tools like Cellpose [23] and StarDist [10] incorporated tailored strategies to accu-
rately delineate cell boundaries even under challenging imaging conditions. The segmented
instances produced by these models often provide the starting point for subsequent anal-
yses, such as cell tracking, lineage reconstruction, and phenotypic profiling. A detailed
discussion of instance segmentation methods and their applications is provided in the
next section.

Anomaly Detection aims to identify rare, unexpected, or abnormal patterns within
microscopy images. Such anomalies may correspond to unusual phenotypes, mitotic
defects, apoptotic bodies, or imaging artifacts. Due to their rarity in most datasets, anomaly
detection often relies on unsupervised or self-supervised learning techniques. Methods
such as autoencoders [73], generative adversarial networks (GANSs) [74], and contrastive
learning [75] are frequently employed to model normal data distributions, enabling us to
flag deviations as anomalies. In pathology, anomaly detection has been applied to identify
tumor regions in large histological images [76] and detect poorly differentiated cells in
hematological samples [77].

Cell Tracking over time is essential for studying dynamic biological processes such
as migration, proliferation, differentiation, and apoptosis. This task involves identifying
and associating cells across consecutive time-lapse frames to reconstruct their temporal
trajectories. Traditional approaches have relied on object detection and motion prediction
algorithms, such as Kalman filters or nearest-neighbor heuristics [78,79]. However, deep
learning-based tracking methods, including recurrent neural networks (RNNs) [80] and
graph neural networks [81], have shown substantial improvements under conditions such
as cell division, merging, or sudden changes in shape. For example, deep learning models
have been applied to track breast cancer cells in migration assays, even under challenging
conditions with occlusions and rapid motion [6].

More recently, models like DeepSea [82], Cellpose [23], and Omnipose [83] have
integrated segmentation and tracking capabilities into unified pipelines. These models
offer robustness across diverse imaging modalities and cell types. In particular, Omnipose
extends Cellpose by improving segmentation of irregularly shape cells, making it especially
valuable for bacterial and morphologically diverse datasets.

Three-dimensional Segmentation and Volumetric Analysis refers to the analysis of
three-dimensional imaging data acquired from modalities such as confocal microscopy,
light-sheet fluorescence microscopy, and electron microscopy. These techniques produce
volumetric datasets where biological structures extend across multiple optical sections.
Accurate 3D segmentation and reconstruction are essential for quantitative analysis of
tissue architecture, subcellular organization, and organoid morphology [84]. To address
this, 2D deep learning models have been extended into 3D, with architectures like 3D
U-Net [26] and V-Net [85]. These approaches employ volumetric convolutions to capture
spatial context in all three dimensions. Due to the high computational demands of volumet-
ric data, specialized strategies such as patch-based training, tiling, multi-scale approaches,
and hybrid 2D/3D pipelines are often adopted [22,86]. These models have provided de-
tailed insights of complex biological system. For instance, they have been applied to tasks
like segmentation of cell nuclei in z-stacks [87], synapse detection in electron microscopy
volumes [88], and neuronal circuit tracing [89].

2.5. Instance Segmentation

As introduced in the previous section, instance segmentation refers to the task of
identifying and delineating individual objects within an image, assigning unique labels to
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each detected instance. Table 1 provides an overview of the most representative models in
this area.

Mask R-CNN [8] sets a strong foundation by combining object detection and pixel-
level segmentation using a region-based approach. Since then, numerous architectures have
emerged, focusing on refining mask quality, improving instance separation, or enhancing
efficiency. Notably, earlier works such as adversarial and recurrent models [90] employed
convolutional LSTM structures to capture spatial and temporal features, marking some of
the first deep learning attempts in biomedical instance segmentation.

Table 1. Overview of Instance Segmentation Models in Biomedical Imaging.

Model Year Domain Key Features Reference
Mask R-CNN 2017 General/Biomedical Region proposals + mask head [8]
SEGAN 2017 Biomedical ConvLSTM + adversarial training [90]
StarDist 2018 Microscopy jsrt::;ge“s]ex polygon representation of [10]
HoVer-Net 2019 Histology i(;iifsggﬁ /vertical distance maps for nuclear [91]
Cellpose 2021 Microscopy Vector flow fields; modality-agnostic [23]
MESMER 2022 Histology Generalist for multiplexed tissue images [24]
Cellpose 2.0 2022 Microscopy User training, style transfer [92]
LACSS 2022 Microscopy Weak supervision for instance masks [93]
Omnipose 2022 Microscopy E}lg);ﬂgle contours; excels on bacteria/irregular [83]
BriFiSeg 2023 Microscopy Multi-scale features for gland segmentation  [94]
CPP-Net 2023 Microscopy Contour proposal network for dense scenes ~ [95]
Cellulus 2023 Microscopy }Slzltfe—sgé)eerll‘ziits;d + multi-scale features for [96]
Cellpose 3.0 2025 Microscopy 3D support, improved training UI [97]

In histopathology, instance segmentation is vital for identifying nuclei, glands, and tis-
sue compartments. These are key for cancer grading, tumor analysis, and digital pathology
pipelines. HoVer-Net [91] emerged as a landmark model in this field by predicting hor-
izontal and vertical distance maps to better separate clustered nuclei, achieving strong
performance across several histological datasets. Meanwhile, Mesmer [24], trained in
multiplexed images, demonstrated strong generalizability across tissues and imaging pro-
tocols, enabling the automated extraction of key cellular characteristics, such as subcellular
location of protein signal.

In microscopy, where images include diverse cell types acquired via various modalities
like fluorescence, brightfield, or phase-contrast, the instance segmentation task presents
unique challenges. Some of them are overlapping cells, low contrast, and highly variable
shapes. Custom variants of Mask R-CNN and U-Net hybrids have been widely used to
balance precise localization with segmentation accuracy. More specialized models like
StarDist [10] introduced a star-convex polygon representation for segmenting nuclei in
fluorescence images, greatly improving accuracy in crowded environments. Cellpose [23]
leveraged vector flow fields to robustly delineate cells across multiple modalities and mor-
phologies, later extended by Cellpose 2.0 [92] and Cellpose 3.0 [97], which offer interactive
training and support for 3D segmentation. BriFiSeg [94] addressed the complexity of gland
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segmentation through a multi-scale approach tailored to accommodate variable gland
morphologies. CPP-Net [95] proposed a contour proposal network to enhance instance
segmentation in densely packed cell images. LACSS [93] introduced a weakly supervised
framework leveraging image-level annotations for effective segmentation. Omnipose [83]
enhanced performance on bacterial and irregularly shaped cells by modeling more flexible
object contours and improving boundary localization. Cellulus [96] recently combined self-
supervised learning and multi-scale features for improved segmentation of heterogeneous
microscopy datasets.

As segmentation demands continue to grow, particularly in applications with limited
annotations or new imaging modalities, recent research has turned toward foundation
models. These large-scale pretrained models aim to provide general-purpose segmen-
tation capabilities with minimal fine-tuning. In the following section, we explore the
emergence of foundation models in biomedical image segmentation and their adaptation
to microscopy data.

2.6. Foundation Models

Foundation models represent a transformative paradigm in computer vision, defined
by their large scale, versatility, and strong generalization capabilities across diverse tasks
with minimal fine-tuning. These models are typically pre-trained on massive datasets using
self-supervised learning objectives, enabling them to learn broad, general-purpose visual
representations that can be adapted to downstream applications such as segmentation,
classification, and detection through prompt-based or lightweight tuning strategies [98].
Many of these models leverage transformer-based architectures, including the Vision
Transformer (ViT), which has shown remarkable ability to capture long-range dependencies
and contextual information in images, further boosting model generalization [99]. This
architectural shift plays a key role in enabling foundation models to transfer effectively
across domains, even when domain-specific annotated data is scarce.

A notable example is the Segment Anything Model (SAM), developed by Meta AI [9].
Trained on over one billion masks from 11 million images, SAM introduces a highly flexible
prompting interface that accepts inputs such as points, bounding boxes, or masks. This
design supports both interactive and automated segmentation across an enormous wide
range of image types and domains. SAM’s impressive zero-shot generalization capabilities
make it particularly appealing for biomedical applications, where labeled data is often
limited and manual annotation is very time-consuming.

Building on SAM’s foundation, researchers have begun tailoring it to better address the
unique challenges of biomedical images (see Table 2). For instance, Cellpose-SAM combines
SAM'’s mask generation strengths with the domain-specific expertise of Cellpose [12].
Similarly, Cell-SAM employs domain-specific training strategies to refine segmentation
outputs, accommodating the dense, low-contrast, and morphologically diverse structures
characteristic of cellular microscopy [11]. MicroSAM focuses specially on micro-scale
cellular details, enhancing sensitivity to detect contours and faint boundaries frequently
found in brightfield and label-free imaging modalities [100]. Vista 2D [101] is another recent
adaptation that improves segmentation of 2D microscopy images by integrating SAM with
contrastive learning techniques, further boosting robustness under challenging imaging
conditions. These adaptations underscore that while SAM provides a powerful generalist
base, incorporating biological priors and specialized knowledge is crucial for achieving
high-precision biomedical segmentation.

Despite these advances, challenges remain, including improving model robustness
to noisy or low-quality images and reducing false positives in densely packed cellular
environments. Nevertheless, foundation models are rapidly becoming indispensable tools
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in biological image analysis. As ongoing research continues to incorporate domain-specific
refinements, these models are expected to surpass traditional segmentation methods in
accuracy, adaptability, and efficiency.

Table 2. Foundation Models Adapted to Biomedical Imaging.

Model Year Domain Key Features Reference

Segment Anything 2023 Generalist Prompta}ble segmentation; billion-mask [9]

(SAM) pretraining

Cell-SAM 2023 Microscopy SAM with domain-specific tuning for cells [11]

MicroSAM 2023 Microscopy SAM ade}ptatlon for micro-scale, faint [100]
boundaries

Vista 2D 2025 Microscopy SAM + contrastive learning for robust 2D [101]
microscopy

Cellpose-SAM 2025 Microscopy ~ Hybrid SAM + Cellpose pipeline [12]

2.7. Datasets

High-quality datasets are fundamental to the development and benchmarking of in-
stance segmentation algorithms in biomedical research. To support effective model training,
such datasets must include high-resolution images alongside instance-level annotations,
where each individual cell (or nucleus) is assigned a unique and non-overlapping mask.
These annotations are crucial for evaluating, not just whether the correct regions are seg-
mented, but also whether individual cells are properly separated, especially in crowded or
complex tissue environments.

However, creating reliable instance segmentation datasets in microscopy presents mul-
tiple challenges. For instance, manual annotation of individual cells requires substantial
domain expertise to accurately delineate cell boundaries, particularly in cases involving
overlapping structures, low contrast, or irregular shapes. This is further intensified in
certain modalities like brightfield or phase-contrast microscopy, where boundaries are often
poorly defined. In addition, annotation consistency across large datasets can be difficult
to maintain due to inter-annotator variability and subjective interpretation of ambigu-
ous boundaries. Such inconsistencies and label noise can reduce model generalizability,
especially in those that rely heavily on clean supervision.

Early progress in dataset development was stronger in histology than microscopy,
particularly for tasks involving nuclear and tissue segmentation. In 2016, a breast cancer
histopathology dataset that remains influential in studies involving H&E-stained tissue
classification and segmentation [102]. A few years later, the MoNuSeg dataset [103] ex-
tended this effort by providing manually annotated nuclear masks across diverse tissue
types, serving as a benchmark for both segmentation and generalization studies. More
recently, MoNuSAC [104] and Pannuke [105] datasets introduced multi-class instance-level
annotations of nuclei, enabling evaluation of instance segmentation performance across
multiple nuclear categories. Similarly, NuCLS delivered large-scale annotations of nuclei in
breast cancer slides, combining crowd-sourced and expert-labeled data to improve label
quality and scale [106]. Collectively, these datasets have helped establish benchmarks for
deep learning models applied to clinical and histopathological data.

Microscopy cell segmentation research has been propelled by the release of numer-
ous publicly available datasets encompassing a wide range of imaging modalities, cell
types, and annotation styles. Table 3 summarizes representative microscopy datasets for
segmentation, highlighting the imaging modalities. One of the earlier widely adopted
resources was the Data Science Bowl (DSB18) dataset [27], introduced through a Kaggle
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challenge and offering annotated fluorescence microscopy images of nuclei from diverse
experimental settings. It remains a foundational benchmark for nuclear segmentation.
The Cellpose dataset [23] expanded the diversity of available data by including a broad
set of cell types imaged using fluorescence, brightfield, and phase-contrast microscopy.
The dataset features hand-annotated masks curated for generalist model development
across modalities. Around the same time, LIVECell [107] was introduced, providing high-
resolution phase-contrast images across multiple live cell lines along with dense instance
masks, designed to support segmentation and tracking in time-lapse imaging. In addition,
TissueNet [24] extended these efforts to tissue-scale fluorescence microscopy, compris-
ing tens of thousands of immunofluorescence images from human tissues spanning over
60 anatomical and disease contexts, and providing high-quality nuclear and whole-cell
annotations to train robust and generalizable segmentation models.

Subsequently, the NeurIPS Cell Segmentation Challenge dataset [29] was created
to evaluate segmentation models under cross-domain conditions. It includes images
from various microscopy modalities, tissue types, and staining protocols, serving as a
rigorous benchmark for domain generalization in instance segmentation tasks. In parallel,
domain-specific datasets continued to emerge. DeepBacs [108] further advanced bacterial
segmentation by including diverse species and imaging conditions—synthetic, brightfield,
and phase-contrast—and offering finely detailed instance masks. It also introduced a suite
of test sets designed to evaluate generalization across biological and technical domains.
Complementing these, the EVICAN dataset [109] provides extensive brightfield images of
mammalian cells, addressing challenges related to label-free segmentation with diverse
morphologies and imaging conditions.

Table 3. Summary of Microscopy Datasets for Segmentation.

Name Technique

DSB18 (Kaggle 2018) [27] Fluorescence (nuclei)

Cellpose [23] Fluorescence, Brightfield, Phase-contrast

LIVECell [107] Phase-contrast (live cells)

TissueNet [24] Immunofluorescence (multi-tissue, whole-cell + nuclei)
NeurIPS 2022 . o\

Challenge [29] Mixed modalities

DeepBacs [108] Bacterial (synthetic, BE, PC)

EVICAN [109] Brightfield

ISBI Cell Tracking [6] Time-lapse (2D + 3D)

Together, these datasets form a comprehensive ecosystem for benchmarking instance
segmentation in microscopy, ranging from traditional fluorescence and live-cell imaging to
more challenging bacterial and tissue-level tasks. Their continued development supports
the advancement of robust, generalizable segmentation algorithms for biomedical research.

Creating high-quality annotated datasets for cell segmentation remains a major chal-
lenge due to the need for expert labeling, especially with overlapping cells, heterogeneous
tissues, and low-contrast modalities like brightfield or phase-contrast. Variability in an-
notations and label noise can hinder model performance and generalization. Limited
availability of 3D and time-lapse annotated data further restricts progress. Competitions
such as the Data Science Bowl [27], ISBI Cell Tracking Challenge [6], and NeurIPS Cell
Segmentation Challenge [29] have helped by providing standardized datasets and bench-
marks, yet the gap between existing datasets and the complexity of real-world microscopy
remains significant.
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2.8. Segmentation Evaluation Metrics

Evaluating the performance of instance segmentation models is essential to ensure
reliable and reproducible results, especially in biomedical applications where accuracy in
cell boundary detection directly impacts downstream analyses. Several standard metrics
are commonly used to assess segmentation quality, each capturing different aspects of
instance-level accuracy.

Intersection over Union (IoU) is a fundamental metric that quantifies the overlap be-
tween a predicted mask and the corresponding ground truth mask. It is defined as:

|ANB|
|AUB|

IoU = 1)
where A is the predicted object region and B is the ground truth region. A higher IoU
indicates a better match between predicted and true cell boundaries. IoU is often used with
a threshold to determine whether a predicted object is considered a true positive.

Dice Score is another widely used metric that measures the similarity between the
predicted and ground truth masks. It is defined as:

_ 2|ANB]

Dice = ———
|Al + |B]|

(2)
Like IoU, Dice score ranges from 0 to 1, where 1 indicates perfect overlap. Dice score
is especially useful in biomedical segmentation tasks due to its sensitivity to both false
positives and false negatives, making it suitable for imbalanced datasets.
F1-score at a specific IoU threshold (e.g., 0.5) is commonly used to balance precision
and recall:
_ 2 Precision - Recall

Fl = Precision + Recall )

This metric is sensitive to both over-segmentation and under-segmentation, making it
suitable for evaluating dense cellular environments.

Average Precision (AP) summarizes the precision—recall trade-off across different IloU
thresholds. In instance segmentation, AP is often computed as the mean precision over a
range of IoU thresholds, commonly from 0.5 to 0.95 in steps of 0.05, known as AP@[.5:.95]:

1 1
AP = 7 2 / p(r;T)dr 4)

re7 /0

where r denotes recall, p(r; T) is the precision at a given recall under a specific threshold,
and 7 = {0.50,0.55, ...,0.95} represents the set of evaluated Intersection-over-Union (IoU)
thresholds. AP provides a comprehensive view of model performance by integrating
both detection quality and segmentation accuracy. It is widely used in computer vision
challenges such as COCO and adapted in biomedical evaluations.

Panoptic Quality (PQ) is a comprehensive metric that jointly evaluates segmentation
quality and recognition performance. It combines the effects of true positives (TPs), false
positives (FPs), and false negatives (FNs). PQ is calculated as:

PQ = E(p,g)GTP IOU(P/ g)
TP| + 3[FP| + 3|FN|

©)

where p and g represent matched predicted and ground truth instances. PQ effectively bal-
ances object detection and segmentation quality, making it robust across complex datasets.
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Aggregated Jaccard Index (AJI) is another widely used metric in biomedical image
segmentation that accounts for the intersection and union of matched objects while penaliz-
ing unmatched false positives. It is defined as:

RGN Py

All = —
i1 |Gi UPa(i)’ + Lieu |Pl|

(6)

where G; is the i-th ground truth instance, Py ;) is the corresponding predicted match, U is
the set of unmatched predictions, and P; is an unmatched predicted object. AJI provides a
global view of segmentation performance over the entire image and is especially useful for
datasets with many touching or overlapping cells.

These metrics are typically computed over datasets such as DSB18 or the NeurIPS Cell
Segmentation Challenge to allow fair comparisons across models. It is crucial to interpret
these scores in the context of the biological task at hand, as small segmentation errors might
have negligible or significant impact depending on the downstream application.

2.9. Challenges and Future Directions

Despite major advances in cell segmentation driven by deep learning, there are still
numerous challenges that limit widespread deployment and generalization of existing
methods. These challenges span data availability, domain adaptation, model scalability,
evaluation consistency, and practical applicability in real-world biological workflows.

Data diversity and annotation efforts remain as main obstacles. While datasets like
DSB18, the Cellpose dataset, and the NeurIPS Cell Segmentation Challenge have supported
the development and benchmarking of new models, they often cover a narrow range of
imaging modalities, staining protocols, and biological conditions. Manual annotation of
instance segmentation masks is time-consuming and requires expert knowledge. These dif-
ficulties are compounded in 3D and time-lapse data, which are essential for understanding
dynamic cellular processes but are still very underrepresented in public datasets.

Generalization and domain shift pose further difficulties. Many models perform well
within the distribution of their training data but degrade significantly when applied to
different cell types, imaging systems, or sample preparations. Although some generalist
approaches such as Cellpose aim to address this issue, even these models often require
fine-tuning or manual correction in unfamiliar contexts. Building segmentation tools that
are robust across biological domains remains a central goal.

Scalability to complex data is also a limitation. While many models work well on 2D
fluorescence images, they often struggle with 3D volumes, temporal sequences, or densely
packed tissues. Segmentation in these settings requires both increased computational
resources and specialized model architectures. Recent efforts have made progress toward
integrating 3D instance segmentation and tracking, but unified models that work reliably
across spatial and temporal scales are still lacking.

Evaluation inconsistencies are another source of difficulty in comparing models fairly.
Different datasets often employ different annotation styles and use varied metrics such
as Intersection-over-Union (IoU), average precision (AP), or Fl-score, which makes direct
comparisons challenging. Moreover, segmentation accuracy is not always indicative of
biological utility: small errors in delineating boundaries can significantly affect downstream
tasks like cell counting or spatial analysis in tissues.

To address these issues, the task of cell segmentation in microscopy images is moving
toward several promising directions:
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¢ Foundation models adapted to microscopy, such as microSAM or Cell-SAM, are
emerging as a flexible solution to limited annotated data and domain-specific varia-
tion.

¢ Self-supervised learning and synthetic data generation are being explored to reduce
annotation dependence and improve robustness.

*  Uncertainty quantification and interpretability are gaining traction to support use in
clinical and high-stakes biological research.

*  End-to-end frameworks that link segmentation to downstream tasks (e.g., cell track-
ing, spatial analysis, classification) offer potential for more integrated analysis
pipelines.

Instance segmentation plays a pivotal role in medical imaging, as it enables the precise
delineation of individual cells, nuclei, or anatomical structures—an essential step for quanti-
tative analysis, disease diagnosis, and treatment planning. Given the fragmented landscape
of models, datasets, and evaluation practices in cell segmentation, a systematic comparison
of representative state-of-the-art methods under controlled conditions is urgently needed.
Such a benchmark would provide insights into how models perform across cell types and
imaging modalities when trained and tested consistently. In the next section, we address
this gap by comparing leading segmentation models—including traditional deep learning
methods and recent hybrid approaches—on a curated set of microscopy datasets. Our aim
is to establish a fair and transparent evaluation that can inform future model development
and help practitioners choose appropriate tools for their specific biological tasks.

3. Experiments
3.1. Data

To train our models, we combined three microscopy datasets spanning both brightfield
and fluorescence modalities: the Data Science Bowl 2018 (DSB18) [27], Aureus [110], and T-
cell [111] datasets. To evaluate generalization, we included two additional datasets not
used in training: the Breast cancer [112] and Flow chamber [113] datasets. Together, this
setup ensures assessment across familiar and cross-domain scenarios. Table 4 summarizes
the datasets, modalities, and number of images used in both training and testing. Every
dataset provided manually curated ground-truth masks, enabling reliable supervision
during training and accurate evaluation. Representative examples of the raw images and
their segmentation masks are shown in Figure 3.

Flow chamber

DSB18

Aureus T-cell

Figure 3. Representative samples from the datasets used in this study, with corresponding segmenta-
tion masks below each raw image.

e DSB18 [27]: A large collection of segmented nuclei acquired under diverse condi-
tions, varying in cell type, magnification, and imaging modality (brightfield and
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fluorescence). It is specifically designed to test algorithmic generalization across
heterogeneous data and is widely used as a benchmark in biomedical segmentation.

*  Aureus [110]: Comprises paired DIC and Nile Red fluorescence images of Staphylo-
coccus aureus, capturing bacterial morphology across dual modalities. The presence
of densely packed cells makes accurate segmentation particularly challenging in
this dataset.

*  T-cell [111]: Contains brightfield microscopy images of migrating T-cells with
masks obtained through manual segmentation (https:/ /github.com/HenriquesLab/
ZeroCostDL4Mic/wiki/Stardist (accessed on 19 May 2025). The original images
(1024 x 1024) were cropped to 256 x 256 for consistency.

*  Breast cancer [112]: Fluorescence microscopy images (SiR-DNA), cropped to 256 x 256
for consistency. Included to evaluate model generalization in the fluorescence domain.

*  Flow chamber [113]: Brightfield time-lapse sequences of cells under flow conditions.
This dataset allows testing model robustness in dynamic environments and general-
ization to unseen brightfield data.

Table 4. Datasets used for training and testing.

Dataset Modality Cell Type #Images Use
DSB18 [27] Fluorescence Various nuclei 447/50 Train/Test
Aureus [110] DIC + fluorescence S. aureus 28/5 Train/Test
T-cell [111] Brightfield Mouse CD4+ T cells 174/35 Train/Test
Breast [112] Fluorescence DCIS.COM Lifeact-RFP 16 Test only
Sl%:;ivnber [113] Brightfield Pancreatic cancer cells 57 Test only

This setup allows us to assess performance not only on familiar modalities but also
in cross-domain scenarios, simulating real-world variability in microscopy data. Such
diversity ensures that our evaluation goes beyond dataset-specific optimization, providing
a more realistic benchmark of each model’s robustness and potential for broader biomedi-
cal applications.

3.2. Preprocessing and Software

All datasets were preprocessed with a standardized pipeline to ensure consistency
across imaging modalities and cell types. Images were center-cropped to 256 x 256 pixels
to match the input requirements of the models and to provide uniform spatial context.
Intensity normalization was applied to reduce variability arising from different acquisition
conditions, thereby facilitating fair comparisons across datasets.

No data augmentation (e.g., flips, rotations, or intensity perturbations) was applied
during training or testing, as the primary goal was to evaluate model generalization on
unaltered microscopy data. While this isolates raw cross-domain adaptability, it introduces
an asymmetric impact. Specialized models like StarDist rely heavily on augmentation to
learn orientation and intensity invariances, meaning this omission may suppress their per-
formance. Conversely, foundation frameworks like YOLO-SAM inherit spatial robustness
from massive pre-training corpora, making them less reliant on target-side data manipula-
tion. Images were formatted according to the model specifications: converted to grayscale
when required or retained as multi-channel inputs when applicable. Ground-truth annota-
tions were uniformly represented as instance-level binary masks, ensuring compatibility
between datasets and enabling consistent evaluation across all models.
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All experiments were implemented in Python 3.12.3 using PyTorch 2.4.1+cul21
as the primary deep learning framework. Training and inference were conducted on an
NVIDIA A100-SXM4 GPU with 40 GB memory.

3.3. Models

We evaluate four representative segmentation models that span classical, specialized,
and foundation-model approaches. These include: (i) StarDist, a geometry-inspired deep
learning model for star-convex objects; (ii) CellSAM, a foundation model adapted to
microscopy data; (iii) Cellpose-SAM, a hybrid method combining the generalist strengths
of SAM with the robustness of Cellpose; (iv) YOLO-SAM, our proposed method that
integrates YOLO-based prompts with SAM for enhanced instance segmentation. For clarity,
we separate our proposed method (YOLO-SAM) from the compared baselines.

3.3.1. Proposed Method

Our approach integrates YOLO-based object detection with SAM’s segmentation ca-
pabilities to achieve fully automated and high-precision cell segmentation (see Figure 4).
Rather than relying on manually provided or heuristic prompts, bounding box prompts are
generated automatically by a trained YOLO detector and then passed to SAM for mask pre-
diction. This integration bridges two complementary paradigms—detection and segmenta-
tion—resulting in improved instance separation and accuracy on microscopy datasets.

(- )

Bounding Box Instance -
Prediction Segmentation Predicted Mask

Raw Image Object Detection

SAM

)
Figure 4. Workflow of the proposed YOLO-SAM framework for automated cell segmentation. First,

the YOLO detector identifies cell regions and generates bounding box prompts, which are then
passed together with the raw image to the Segment Anything Model (SAM) for precise instance
mask prediction.

While coupling object detection with foundation-scale segmentation aligns concep-
tually with traditional “Detect-to-Segment” workflows, adapting this pipeline to micro-
scale cellular data requires resolving severe instance cross-talk. In dense cell populations,
standard macroscopic bounding boxes naturally encapsulate fragments of adjacent cells,
causing SAM’s default mask decoder to bleed across distinct boundaries. To mitigate
this without modifying SAM’s core architecture, our implementation leverages a highly
constrained Non-Maximum Suppression (NMS) intersection-over-union (IoU) threshold
tailored specifically to tight cellular geometries. This configuration forces the YOLO detec-
tor to output highly isolated, membrane-hugging bounding box prompts. By systematically
eliminating overlapping prompt configurations, we structurally prevent the downstream
SAM decoder from merging adjacent clusters, effectively optimizing a cascaded pipeline
for high-density instance separation. Consequently, this configuration serves a dual pur-
pose: it stabilizes mask generation in dense environments and establishes a standardized,
automated baseline to rigorously evaluate how standard geometric prompts translate
to zero-shot segmentation boundaries when compared against specialized state-of-the-
art frameworks.
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YOLO

For detection, we employ YOLOvS8n (where “n” denotes the lightweight “nano” vari-
ant) as the detection backbone to generate bounding box prompts. YOLOv8n was specifi-
cally selected to minimize the network’s parameter footprint (~3.2 million parameters),
ensuring that the overall pipeline remains highly efficient and executionally light when
paired with the downstream Segment Anything Model (SAM) encoder. Input images are
uniformly resized to a standard resolution of 256 x 256 pixels to match the network configu-
ration. The network is trained for 300 epochs on the combined training split of the baseline
datasets (comprising DSB18, Aureus, and T-cell cohorts) using a conservative learning rate
of 1 x 10~°. This specific learning rate was empirically selected during validation to avoid
catastrophic forgetting of the pretrained backbone features and to ensure stable convergence
across high-density cell clusters. To refine predictions and reduce redundancy, we apply
Non-Maximum Suppression (NMS), which filters overlapping bounding boxes and ensures
that only the most confident detections are retained. These high-quality bounding boxes
serve as reliable prompts for the subsequent segmentation step. The detection performance
of YOLO across datasets is summarized in Table A1 (Appendix A), highlighting its ability
to generalize across different imaging conditions.

SAM

For segmentation, we use the base version (ViT-B) backbone of the Segment Anything
Model (SAM) as the mask predictor. The model is fine-tuned using the Dice Loss imple-
mentation from MONALI Optimization is performed using the Adam optimizer applied
exclusively to the mask decoder parameters, with a learning rate of 1 x 10~° and no weight
decay. The vision encoder, image encoder, and prompt encoder parameters are frozen
during training to leverage pretrained representations while reducing computational cost.
This configuration allows SAM to effectively leverage bounding box prompts and produce
precise instance-level segmentations.

3.3.2. Compared Methods

e  StarDist [10]: A U-Net-based model that represents cells as star-convex polygons by
regressing radial distances from object centers. StarDist was trained from scratch on
our curated training dataset to establish its specialized, localized baseline. Candidate
polygons are filtered with non-maximum suppression (NMS) to resolve overlaps,
enabling accurate segmentation in crowded conditions with strong cell-to-cell contact.
We chose StarDist as the reference task-specific model because it is highly effective
at separating overlapping nuclei or cells, particularly in dense microscopy images,
and has demonstrated robust performance across multiple datasets and imaging
modalities. Its geometric representation is especially suitable for roughly convex
cell shapes.

*  Cellpose-SAM [12]: A hybrid approach that integrates SAM with Cellpose. SAM’s pre-
trained image encoder extracts robust general-purpose features from raw microscopy
images, while the Cellpose decoder predicts vector flow fields, which are then con-
verted to instance masks. This workflow allows dense segmentation of all cells in an
image in a single pass, avoiding SAM’s sequential, prompt-based mask generation.
The released base model was fine-tuned on diverse datasets, including the Cellpose
dataset (covering fluorescence, brightfield, and phase-contrast modalities), TissueNet,
and bacterial datasets such as DeepBacs, enhancing its generalization to different
cell types and imaging conditions. Additionally, this network was retrained on our
curated training dataset to establish its domain-specific benchmark.
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¢ CellSAM [11]: A microscopy-focused adaptation of SAM that combines an object
detector (CellFinder) with SAM for automatic prompt generation. CellFinder uses
the Anchor-DETR61 framework with the same ViT backbone as the SAM module.
This design improves sensitivity to faint boundaries and densely packed cells, en-
abling automatic, high-quality prompt generation. The CellSAM model was trained
on multiple datasets, including the Cellpose cellular dataset, DSB18, TissueNet, Om-
nipose, DeepBacs, and MoNuSeg, supporting strong zero-shot generalization and
rapid few-shot adaptation across diverse imaging modalities. While local constraints
prevented retraining this specific framework, CellSAM was evaluated out-of-the-box
for inference; the presence of DSB18 and DeepBacs in its original pre-training cor-
pus ensures a highly equitable domain-level baseline comparison against our locally
retrained architectures.

Despite the inclusion of these broader training domains (such as DeepBacs or Tis-
sueNet), we explicitly clarify that none of the target frames from our independent Breast
and Flow Chamber evaluation sets was included in any model’s pre-training or fine-tuning
pipelines, ensuring a strict zero-shot benchmark.

3.4. Evaluation Metrics

Model performance is evaluated using Average Precision (AP) across IoU thresholds
from 0.50 to 0.90 in increments of 0.05. This metric captures the trade-off between precision
and recall over varying detection confidence thresholds. AP is particularly suited for
instance segmentation across diverse datasets, imaging modalities, and cell morphologies,
where accurate localization and delineation of individual objects are crucial.

1

AP(71) :/ p(r;T)dr )

0

3.5. Results

Table 5 summarizes the aggregated model performance by reporting the mean Av-
erage Precision (mAP[g50.090)) across the entire spectrum of evaluation datasets, while
a comprehensive, threshold-by-threshold breakdown of individual AP values from IoU
T = 0.50 to T = 0.90 is provided in Table A2 within Appendix A. Overall, Cellpose-SAM
shows stronger performance in every dataset compared to the rest of the models. Figure 5
shows the predicted masks from all evaluated models across each of the five datasets.

Table 5. Summary of mean Average Precision (mAP|g 50.0.9)) across models and datasets.

Flow Overall
Model T-Cell DSB Aureus Breast Chamber Average
YOLO-SAM 0.557 0.688 0.596 0.791 0.643 0.655
StarDist 0.561 0.593 0.399 0.573 0.047 0.435
CellSAM 0.544 0.706 0.374 0.770 0.697 0.618
Cellpose-SAM 0.699 0.762 0.801 0.813 0.766 0.768

On the T-cell dataset, all models perform competitively; however, Cellpose-SAM
consistently achieves the highest AP across thresholds. Among the remaining models,
the three of them perform very similar but YOLO-SAM maintains stronger performance
than both StarDist and CellSAM as thresholds increase. This highlights the difficulty of
accurately segmenting the shape of varying cells.

For the DSB18 dataset, performance is strong across all models. CellSAM and YOLO-
SAM achieve high AP at lower thresholds, but Cellpose-SAM demonstrates the most
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stable and consistently high performance at all thresholds. This shows that SAM-based
adaptations provide both accuracy and robustness on this type of data with many different
cell shapes and sizes.

T-Cell YOLO-SAM StarDist CellSAM Cellpose-SAM

DSB YOLO-SAM StarDist CellSAM Cellpose-SAM

Aureus YOLO-SAM StarDist CellSAM Cellpose-SAM

Breast i YOLO-SAM StarDist CellSAM Cellpose-SAM

Flow Chamber YOLO-SAM StarDist CellSAM Cellpose-SAM

Figure 5. Predicted masks for a representative image of each dataset (threshold = 0.7). Green indicates

(&)

True Positives (TP); red indicates False Positives (FP) and blue indicates False Negatives (FNs).

The Aureus dataset highlights challenges with small, densely packed bacteria. Here,
Cellpose-SAM achieves the best and most consistent AP across thresholds again, while the
rest show decent performance at lower thresholds but Stardist and CellSAM decline more
sharply at stricter IoUs. This underlines the ability of Cellpose-SAM and YOLO-SAM to
delineate cells more accurately.

On the Breast dataset, all SAM-based models achieve are very close at all thresholds
outperforming StarDist by a clear margin. These results suggest that foundation models are
better suited for dense fluorescence nuclei where accurate boundary delineation is essential.

Finally, the Flow Chamber dataset, designed to test robustness under dynamic condi-
tions, exposes the largest performance gaps. While CellSAM achieves strong AP at lower
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Average Precision (AP)

0.0

thresholds, Cellpose-SAM delivers more stable performance at stricter loUs, making it the
most reliable model in this challenging setting. Again YOLO-SAM shows more stability
along all thresholds but this time performs worse. StarDist struggles in this scenario,
showing really poor generalization to brightfield sequences with motion and deformation.

Overall, SAM-based models consistently outperform StarDist across all datasets,
particularly in cross-domain settings. StarDist struggles with irregular or non-rounded
shapes due to its reliance on a star-convex polygon representation, whereas SAM-based
methods capture object boundaries more faithfully and yield better shape representations.
Among the SAM variants, YOLO-SAM and CellSAM achieve very similar performance,
with CellSAM showing particular strength in lower thresholds but YOLO-SAM showing
strength in higher ones.

This high-threshold resilience in YOLO-SAM is deeply tied to the localized precision of
its bounding box prompts. As demonstrated by our detection-to-segmentation correlation
analysis (Table A1), when the YOLO backbone successfully locks onto a target, the per-
formance gap (A) between the prompt and the final strict AP75 mask remains remarkably
tight—averaging a drop of only —0.074 on unseen fluorescence data (Breast dataset) and
—0.162 on challenging brightfield data (Flow Chamber). This tight translation indicates
that YOLO-SAM'’s ultimate performance bottleneck is dictated by initial object detection
precision rather than a breakdown in SAM’s mask generation capacity.

However, Cellpose-SAM consistently emerges as the best and most robust model,
maintaining stability across thresholds and object densities (see Figure 6). Crucially, this
robust accuracy does not come at the expense of operational efficiency; as detailed in the
computational benchmarks in Table A3, Cellpose-SAM maintains an optimized inference
speed (598.87 ms) that outperforms generalist alternatives like CellSAM and the multi-stage
YOLO-SAM pipeline, both of which introduce a heavy execution latency penalty over 2.7 s.
These findings highlight the value of adapting foundation models like SAM for microscopy,
while also emphasizing the importance of domain-aware priors to maximize performance
across diverse imaging conditions.
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Figure 6. AP performance across IoU thresholds (7) for different models on all datasets. (a) T-cell
dataset, (b) DSB dataset, (¢) Aureus dataset, (d) Breast dataset, (e¢) Flow Chamber dataset.
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3.6. Discussion

In this study, we systematically evaluated segmentation models across microscopy
datasets that span both brightfield and fluorescence modalities, as well as diverse cell
populations ranging from bacteria to mammalian cells. This heterogeneity allowed us to test
models under varying conditions of contrast, shape complexity, and object density—factors
that closely mirror real-world biomedical imaging challenges.

Across these settings, SAM-based methods consistently outperformed StarDist, espe-
cially in cross-domain applications where training and testing conditions differed. This
performance gap reflects the inherent limitations of StarDist’s star-convex polygon rep-
resentation, which struggles with irregular or elongated morphologies, compared to the
more flexible mask proposals generated by SAM.

Among the SAM variants, YOLO-SAM and CellSAM achieved similar overall perfor-
mance, though with subtle differences depending on thresholding criteria and imaging
modality. Cellpose-SAM, however, stood out as the most stable and reliable approach,
preserving performance across datasets, thresholds, and varying cell densities. This sug-
gests that coupling SAM’s generalist capabilities with Cellpose’s domain-specific priors is
particularly effective for microscopy segmentation.

Future progress will likely depend on three fronts: (i) enhanced domain adaptation
strategies, including fine-tuning or self-supervised pretraining on modality-specific data;
this is particularly crucial for extending the framework’s cross-domain generalization to
highly distinct and challenging structural modalities such as histopathology, phase-contrast,
and electron microscopy, as well as mitigating variations introduced by unseen laboratory
staining protocols and imaging artifacts; (ii) improving annotation efficiency through
weak supervision or interactive pipelines; (iii) incorporating biological context such as size
distributions, shape constraints, or temporal consistency in dynamic experiments, so that
models leverage not only pixel-level information but also biologically meaningful context
to improve robustness and interpretability.

In summary, this study bridges the gap between traditional architectures and emerging
foundation models by validating the paradigm shift toward universal microscopy seg-
mentation. Our systematic benchmarking confirms that while traditional frameworks like
StarDist offer lightweight deployment, they remain structurally constrained by geometric
assumptions. Conversely, foundation model derivatives seamlessly absorb cross-domain
variations in contrast, modality, and morphology without requiring localized re-training.
By mapping the distinct operational trade-offs of frameworks like YOLO-SAM, CellSAM,
and the highly stable Cellpose-SAM, these interconnected findings translate empirical
data into an actionable deployment blueprint—demarcating the current limits of zero-shot
generalization while charting a clear path toward domain-aware foundation pipelines in
high-throughput biomedical workflows.

Overall, our findings indicate that foundation model-based approaches already offer
a strong step toward universal segmentation in microscopy, but their full potential will be
realized only when paired with domain-aware refinements and evaluated systematically
across heterogeneous imaging scenarios.

3.7. Limitations

While this evaluation highlights the strong potential of foundation models, several
distinct limitations should be factored into the interpretation of our comparative trends:

¢ Dataset Scale and Sample Size Constraints: The validation sets utilized are relatively
small in scale. While cohorts like the Aureus set (5 images) and the Breast cancer
dataset (16 images) serve as valuable benchmarks for preliminary zero-shot cross-
domain exploration, small sample sizes are inherently susceptible to pronounced
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statistical fluctuations. Local anomalies—such as an image with unusually dense
cellular clustering, severe regional focus artifacts, or atypical staining intensities—can
disproportionately skew the aggregate mean Average Precision (mAP) or runtime
metrics. Consequently, these findings should be treated as a localized proof-of-concept
demonstrating architectural potential, rather than an absolute guarantee of large-scale
mathematical stability across massive, high-throughput imaging pipelines.

¢ Absence of Statistical Significance Metrics: A related methodological restriction con-
cerns the lack of statistical significance testing or error bars for the reported Average
Precision (AP) and mAP metrics. Because the benchmarked foundation models lever-
age frozen, pre-trained weights evaluated in a zero-shot inference paradigm, their
outputs are entirely deterministic for a given input. Consequently, the models were
evaluated over a single operational run. In the absence of stochastic resampling
methods (such as bootstrapping or multi-seed cross-validation), localized metric dis-
crepancies between models should be interpreted as localized observations within
this cohort rather than definitive statistical superiorities.

*  Boundary Sensitivity in Complex Regions: Despite their overall strengths, all SAM-
based methods exhibited a sensitivity to fine boundary details in densely packed
or low-contrast regions. This points to a broader, systemic trade-off between the
extensive generalization capacity of large-scale foundation models and the localized
pixel-level precision traditionally afforded by domain-specialized approaches.

e  Dimensional and Temporal Restrictions: The current evaluation of the proposed
framework is strictly restricted to 2D static micrographs. In fields such as 3D volu-
metric segmentation or temporal cell tracking, volumetric reconstruction and frame-
to-frame association rely heavily on the accuracy of slice-by-slice or static frame
segmentations. While the robust instance separation achieved here lays a critical
foundation for multi-dimensional workflows, extending this automated pipeline to
natively handle z-stacks and time-lapse data represents a key future direction required
to fully assess model generalizability across spatial and temporal dimensions.

4. Summary and Conclusions

This review has surveyed the rapidly evolving field of microscopy cell segmentation,
tracing its trajectory from classical image-processing pipelines to specialized deep learning
models and, more recently, to the emergence of foundation models. Advances in deep
learning, particularly architectures such as U-Net, Mask R-CNN, and their derivatives,
have enabled major progress in tackling the challenges posed by diverse cell morpholo-
gies and imaging conditions. At the same time, the availability of public datasets and
competitions—such as the Data Science Bowl (DSB) and the NeurIPS Cell Segmentation
Challenge—has played a pivotal role in driving innovation, providing standardized bench-
marks, and fostering reproducibility. While many approaches have been proposed across
different modalities, we focused in particular on brightfield and fluorescence microscopy,
which remain the most widely used and challenging in practice.

Given the diversity of approaches and the variation in metrics and datasets used
across studies, a fair and standardized comparison of models is essential. To this end, we
conducted a controlled experimental evaluation using brightfield and fluorescence images
from multiple cell types. Four representative approaches were benchmarked: StarDist,
a geometry-aware deep learning model widely used in microscopy; CellSAM, a SAM
adaptation to cellular imaging; Cellpose-SAM, a hybrid that couples the generalization of
SAM with Cellpose’s robustness to diverse morphologies; and YOLO-SAM, our proposed
detection-driven prompting strategy that integrates YOLO for the cell detection with SAM
for improved instance segmentation.
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Opverall, foundation models represent a promising step toward universal, cross-domain
cell segmentation, with the potential to reduce manual labeling effort and adapt across
diverse modalities. Future progress demands models that generalize robustly across
both cell types and imaging techniques, supported by large, high-quality datasets and
benchmarks that better capture real-world variability. Achieving these goals will be key for
building practical, automated workflows that are accurate, reproducible, and trustworthy
in biomedical applications.

By combining a comprehensive review with experimental benchmarking, this work
provides both conceptual and practical perspectives. It underscores the opportunities and
challenges in advancing microscopy cell segmentation and offers guidance for researchers
seeking to develop or adopt effective strategies in this rapidly progressing field.
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Appendix A. Additional Tables

Table A1 summarizes the detection performance of the YOLOv8 model across different
microscopy datasets, which we correlate directly with downstream segmentation success
to isolate pipeline bottlenecks. The results demonstrate that YOLO achieves consistently
high precision and recall, indicating reliable generalization to diverse imaging modalities.

Crucially, cross-referencing these detection metrics with our ultimate segmentation
accuracy reveals distinct modality behaviors. For the out-of-distribution fluorescence
cohort (Breast dataset), we observe a near-perfect translation from detection to mask
generation, yielding a minimal performance gap (A = —0.074) at a strict AP75 threshold.
Conversely, on the dynamic brightfield cohort (Flow Chamber), the analysis proves that
the marginal performance drop is primarily a cascading limitation of initial detection
precision (0.827) under low-contrast halo conditions, rather than a failure of the SAM
mask decoder itself. Once a high-quality bounding box is generated (supported by a
high detection recall of 0.891), the downstream foundation model successfully resolves
the challenging brightfield boundaries with a tight performance gap (A = —0.162) that
outperforms baseline fluorescence sets like the T-cell cohort (A = —0.249).
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For a highly detailed, granularity-focused breakdown of model performance across
varying strictness levels, Table A2 provides the complete set of individual Average Precision
(AP) scores. This comprehensive data matrix spans Intersection over Union (IoU) thresholds
from T = 0.50 to T = 0.90 in steps of 0.05 across all five evaluated microscopy datasets,
serving as the raw baseline data from which the aggregated mean Average Precision (mAP)
summary trends in the main text are derived.

Table Al. Correlation: YOLO Detection vs. SAM Segmentation (AP7s).

Dataset Det. Prec. Det. Rec. Det. | Seg. AP7s5 Gap (A)
T-cell 0.890 0.795 0.839 0.590 —0.249
DSB 0.941 0.846 0.886 0.690 —0.196
Aureus 0.956 0.750 0.824 0.640 —0.184
Breast 0.944 0.926 0.934 0.860 —0.074
Flow Chamber 0.827 0.891 0.842 0.680 —0.162

Table A2. Average Precision (AP) across different thresholds.

Threshold T

Model 0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90
T-CELL
YOLO-SAM 0.78 0.77 0.74 0.71 0.66 0.59 0.46 0.24 0.06
StarDist 0.85 0.82 0.79 0.74 0.65 0.54 0.42 0.21 0.03
CellSAM 0.84 0.79 0.75 0.68 0.63 0.52 0.39 0.23 0.07
Cellpose-SAM 0.94 0.93 0.92 0.90 0.82 0.74 0.62 0.36 0.06
DSB
YOLO-SAM 0.84 0.82 0.80 0.78 0.74 0.69 0.63 0.53 0.36
StarDist 0.81 0.78 0.76 0.73 0.68 0.61 0.51 0.33 0.13
CellSAM 0.87 0.85 0.83 0.81 0.78 0.72 0.63 0.51 0.35
Cellpose-SAM 0.91 0.89 0.87 0.85 0.81 0.76 0.70 0.61 0.46
AUREUS
YOLO-SAM 0.75 0.75 0.73 0.72 0.70 0.64 0.55 0.36 0.16
StarDist 0.66 0.65 0.63 0.56 0.42 0.34 0.22 0.09 0.02
CellSAM 0.69 0.62 0.56 0.56 0.48 0.29 0.14 0.03 0.00
Cellpose-SAM 0.91 0.90 0.90 0.90 0.85 0.83 0.79 0.69 0.44
BREAST
YOLO-SAM 0.93 0.93 0.91 0.90 0.88 0.86 0.80 0.64 0.27
StarDist 0.84 0.82 0.77 0.74 0.68 0.54 0.43 0.26 0.08
CellSAM 0.95 0.94 0.92 0.91 0.89 0.85 0.74 0.53 0.20
Cellpose-SAM 0.95 0.95 0.95 0.93 0.91 0.90 0.82 0.65 0.26
FLow_CHAMBER
YOLO-SAM 0.88 0.88 0.85 0.83 0.76 0.68 0.51 0.30 0.10
StarDist 0.14 0.11 0.08 0.05 0.03 0.01 0.00 0.00 0.00
CellSAM 0.93 0.91 0.90 0.90 0.85 0.79 0.59 0.31 0.09

Cellpose-SAM

0.93

0.93

0.92

0.90

0.89

0.85

0.73

0.53

0.21

To evaluate the operational requirements of the benchmarked frameworks, we mea-
sured their computational footprint during inference on the Aureus dataset. As summarized
in Table A3, the architectural complexity of the models introduces significant trade-offs
between segmentation performance, processing speed, and memory consumption. StarDist
operates as the most lightweight baseline, requiring only 152.77 ms per image with a
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peak memory allocation of 1290.67 MB. Among the foundation-scale models, Cellpose
demonstrates remarkable optimization, processing images in 598.87 ms while maintaining
a moderate memory profile (2110.58 MB). Conversely, the generalist SAM-based models
demand substantially higher computational resources; CellSAM requires 2717.47 ms per
image, while the cascaded YOLO-SAM pipeline exhibits the longest processing latency at
5497.67 ms per image, though both settle at a comparable peak memory ceiling of approxi-
mately 3215 MB. This indicates that while foundation models deliver high cross-domain
robustness, their deployment carries a significant latency penalty that must be factored into
high-throughput production environments.

Table A3. Computational Efficiency Benchmark on the Aureus Dataset.

Mean Inference Time

Model (ms/Tmage) Max Peak Memory (MB)
YOLO-SAM 5497.67 3214.56
StarDist 152.77 1290.67
CellSAM 2717 .47 321791
Cellpose 598.87 2110.58

References

1. Gurcan, M.N.; Boucheron, L.E.; Can, A.; Madabhushi, A.; Rajpoot, N.; Yener, B. Histopathological image analysis: A review. IEEE
Rev. Biomed. Eng. 2009, 2, 147-171. https://doi.org/10.1109/RBME.2009.2034865.

2. Hell, SSW. Far-field optical nanoscopy. Science 2007, 316, 1153-1158. https://doi.org/10.1126/science.1137395.

3.  Betzig, E.; Patterson, G.H.; Sougrat, R.; Lindwasser, O.W.; Olenych, S.; Bonifacino, J.S.; Davidson, M.W.; Lippincott-Schwartz, J.;
Hess, H.F. Imaging intracellular fluorescent proteins at nanometer resolution. Science 2006, 313, 1642-1645. https://doi.org/10.1
126/science.1127344.

4. Meijering, E. Cell segmentation: 50 years down the road. IEEE Signal Process. Mag. 2012, 29, 140-145. https://doi.org/10.1109/
MSP.2012.2204190.

5. Power, RM.; Huisken, J. A guide to light-sheet fluorescence microscopy for multiscale imaging. Nat. Methods 2017, 14, 360-373.
https:/ /doi.org/10.1038 /nmeth.4224.

6. Ulman, V.; Maska, M.; Magnusson, K.E.G.; Ronneberger, O.; Haubold, C.; Harder, N.; Matula, P; Matula, P.; Svoboda, D.;
Radojevic, M; et al. An objective comparison of cell-tracking algorithms. Nat. Methods 2017, 14, 1141-1152. https://doi.org/10.1
038 /nmeth.4473.

7. Ronneberger, O.; Fischer, P,; Brox, T. U-net: Convolutional networks for biomedical image segmentation. In Proceedings of the
Medical Image Computing and Computer-Assisted Intervention (MICCAI); Springer: Berlin/Heidelberg, Germany, 2015; pp. 234-241.
https:/ /doi.org/10.1007 /978-3-319-24574-4_28.

8.  He, K.; Gkioxari, G.; Dollér, P; Girshick, R. Mask R-CNN. In Proceedings of the IEEE International Conference on Computer
Vision (ICCV), Venice, Italy, 22-29 October 2017. https://doi.org/10.1109/ICCV.2017.322.

9. Kirillov, A.; Mintun, E.; Ravi, N.; Mao, H.; Roll, C.; Gustafson, L.; Xiao, T.; Whitehead, S.; Berg, A.C.; Lo W.Y,; et al. Segment
Anything. arXiv 2023, arXiv:2304.02643. https://doi.org/10.48550/arXiv.2304.02643.

10.  Schmidt, U.; Weigert, M.; Broaddus, C.; Myers, G. Cell detection with star-convex polygons. In Proceedings of the International
Conference on Medical Image Computing and Computer-Assisted Intervention (MICCAI), Granada, Spain, 16-20 September
2018; pp. 265-273.

11. Israel, U.; Marks, M; Dilip, R,; Li, Q.; Schwartz, M.; Pradhan, E.; Pao, E.; Li, S.; Pearson-Goulart, A.; Perona, P.; et al. A Foundation
Model for Cell Segmentation. bioRxiv 2023. https://doi.org/10.1101/2023.11.17.567630.

12. Pachitariu, M.; Rariden, M.; Stringer, C. Cellpose-SAM: Superhuman generalization for cellular segmentation. bioRxiv 2025.
https://doi.org/10.1101/2025.04.28.651001.

13. Otsu, N. A threshold selection method from gray-level histograms. IEEE Trans. Syst. Man, Cybern. 1979, 9, 62—66.

14. Canny, ].F. A Computational Approach to Edge Detection. IEEE Trans. Pattern Anal. Mach. Intell. 1986, 8, 679—698. https:
//doi.org/10.1109/TPAMI.1986.4767851.

15.  Vincent, L.; Soille, P. Watersheds in digital spaces: An efficient algorithm based on immersion simulations. IEEE Trans. Pattern
Anal. Mach. Intell. 1991, 13, 583-598.

16. Cortes, C.; Vapnik, V. Support-vector networks. Mach. Learn. 1995, 20, 273-297.

17. Breiman, L. Random forests. Mach. Learn. 2001, 45, 5-32.

https://doi.org/10.3390/jimaging12070297


https://doi.org/10.1109/RBME.2009.2034865
https://doi.org/10.1126/science.1137395
https://doi.org/10.1126/science.1127344
https://doi.org/10.1126/science.1127344
https://doi.org/10.1109/MSP.2012.2204190
https://doi.org/10.1109/MSP.2012.2204190
https://doi.org/10.1038/nmeth.4224
https://doi.org/10.1038/nmeth.4473
https://doi.org/10.1038/nmeth.4473
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1109/ICCV.2017.322
https://doi.org/10.48550/arXiv.2304.02643
https://doi.org/10.1101/2023.11.17.567630
https://doi.org/10.1101/2025.04.28.651001
https://doi.org/10.1109/TPAMI.1986.4767851
https://doi.org/10.1109/TPAMI.1986.4767851
https://doi.org/10.3390/jimaging12070297

J. Imaging 2026, 12, 297 27 of 31

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Carpenter, A.E.; Jones, T.R.; Lamprecht, M.R.; Clarke, C.; Kang, I.H.; Friman, O.; Guertin, D.A.; Chang, ].H.; Lindquist, R.A;
Moffat, J.; et al. CellProfiler: Image analysis software for identifying and quantifying cell phenotypes. Genome Biol. 2006, 7, R100.
Moffat, J.; Grueneberg, D.A.; Yang, X.; Kim, S.Y.; Kloepfer, A.M.; Hinkle, G.; Pigani, B.; Eisenhaure, T.M.; Luo, B.; Grenier, ] K; et al.
A lentiviral RNAI library for human and mouse genes applied to an arrayed viral high-content screen. Cell 2006, 124, 1283-1298.
Perlman, Z.E.; Slack, M.D.; Feng, Y.; Mitchison, T.J.; Wu, L.E; Altschuler, S.J. Multidimensional drug profiling by automated
microscopy. Science 2004, 306, 1194-1198.

Falk, T.; Mai, D.; Bensch, R.; Cicek, O; Abdulkadir, A.; Marrakchi, Y.; Boshm, A.; Deubner, J.; Jackel, Z.; Seiwald, K.; et al. U-Net:
Deep learning for cell counting, detection, and morphometry. Nat. Methods 2019, 16, 67-70.

Isensee, F; Jaeger, PF,; Kohl, S.A.A.; Petersen, J.; Maier-Hein, K.H. nnU-Net: A self-configuring method for deep learning-based
biomedical image segmentation. Nat. Methods 2021, 18, 203-211. https://doi.org/10.1038/541592-020-01008-z.

Stringer, C.; Michaelos, M.; Pachitariu, M. Cellpose: A generalist algorithm for cellular segmentation. Nat. Methods 2021,
18, 100-106. https://doi.org/10.1038/s41592-020-01018-x.

Greenwald, N.E; Miller, G.; Moen, E.; Kong, A.; Kagel, A.; Fullaway, C.C.; McIntosh, B.].; Leow, K.; Schwartz, M.S.; Dougherty,
T.; et al. Whole-cell segmentation of tissue images with human-level performance using large-scale data annotation and deep
learning. Nat. Biotechnol. 2022, 40, 555-565.

Payer, C.; Stern, D.; Feiner, M.; Bischof, H.; Urschler, M. Segmenting and tracking cell instances with cosine embeddings and
recurrent hourglass networks. Med. Image Anal. 2019, 57, 106-119. https://doi.org/10.1016/j.media.2019.06.015.

Cicek, O.; Abdulkadir, A.; Lienkamp, S.S.; Brox, T.; Ronneberger, O. 3D U-Net: Learning Dense Volumetric Segmentation
from Sparse Annotation. In Proceedings of the Medical Image Computing and Computer-Assisted Intervention—MICCAI; Springer:
Berlin/Heidelberg, Germany, 2016; Volume 9351, pp. 424-432. https://doi.org/10.1007 /978-3-319-46723-8_49.

Caicedo, J.C.; Roth, Z.; Goodman, A.; Becker, T.; Karhohs, K.W.; Broisin, M.; Molnar, C.; McQuin, C.; Singh, S.; Theis, EJ.;
et al. Nucleus segmentation across imaging experiments: The 2018 Data Science Bowl. Nat. Methods 2019, 16, 1247-1253.
https://doi.org/10.1038 /s41592-019-0612-7.

Maska, M.; Ulman, V.; Svoboda, D.; Matula, P.; Matula, P.; Ederra, C.; Urbiola, A.; Espafia, T.; Venkatesan, S.; Balak, D.;
et al. A benchmark for comparison of cell tracking algorithms. Bioinformatics 2014, 30, 1609-1617. https://doi.org/10.1093/
bioinformatics/btu080.

Organizers, N.C. NeurIPS 2022 Cell Segmentation Challenge. 2022. Available online: https://neurips22-cellseg.grand-challenge.
org (accessed on 23 June 2025).

Huang, C.; Cai, W,; Jiang, Q.; Wang, Z. Multimodal Representation Distribution Learning for Medical Image Segmentation. In
Proceedings of the Thirty-Third International Joint Conference on Artificial Intelligence (IJCAI-24), Jeju, Republic of Korea, 3-9
August 2024. https://doi.org/10.24963 /ijcai.2024 /459.

Ayzenberg, L.; Giryes, R.; Greenspan, H. DINOv2 based Self Supervised Learning For Few Shot Medical Image Segmentation.
arXiv 2024, arXiv:2403.03273.

Ouyang, C.; Biffi, C.; Chen, C.; Kart, T.; Qiu, H.; Rueckert, D. Self-Supervised Learning for Few-Shot Medical Image Segmentation.
IEEE Trans. Med Imaging 2022, 41, 1837-1848. https://doi.org/10.1109/TMI.2022.3150682.

Litjens, G.; Kooi, T.; Bejnordi, B.E.; Setio, A.A.A.; Ciompi, E; Ghafoorian, M.; Laak, J].A.v.d.; Laak, M.].; Ginneken, B.; Sdnchez, C.L
A survey on deep learning in medical image analysis. Med. Image Anal. 2017, 42, 60-88. https://doi.org/10.1016/j.media.2017.07.
005.

Esteva, A.; Robicquet, A.; Ramsundar, B.; Kuleshov, V.; DePristo, M.; Chou, K.; Cui, C.; Corrado, G.; Thrun, S.; Dean, J. Deep
learning-enabled medical computer vision. NPJ Digit. Med. 2021, 4, 5.

Veta, M.; Pluim, J.P,; van Diest, PJ.; Viergever, M.A. Breast cancer histopathology image analysis: A review. IEEE Trans. Biomed.
Eng. 2014, 61, 1400-1411. https://doi.org/10.1109/TBME.2014.2303852.

Kuang, H.; Menon, B.K.; Sohn, S.I; Qiu, W. EIS-Net: Segmenting early infarct and scoring ASPECTS simultaneously on
non-contrast CT of patients with acute ischemic stroke. Med. Image Anal. 2021, 70, 101984. https://doi.org/10.1016/j.media.2021
.101984.

Caicedo, J.C.; Singh, S.; Carpenter, A.E. Data-analysis strategies for image-based cell profiling. Nat. Methods 2017, 14, 849-863.
https://doi.org/10.1038 /nmeth.4397.

Littman, R.; Hemminger, Z.; Foreman, R.; Arneson, D.; Zhang, G.; G6mez-Pinilla, F.; Yang, X.; Wollman, R. Joint cell segmentation
and cell type annotation for spatial transcriptomics. Nat. Commun. 2021, 17, MSB202010108. https://doi.org/10.15252/msb.2020
10108.

Soule, H.D.; Vazquez, J.; Long, A.; Albert, S.; Brennan, M. A human cell line from a pleural effusion derived from a breast
carcinoma. J. Natl. Cancer Inst. 1973, 51, 1409-1416. https://doi.org/10.1093/jnci/51.5.1409.

Lee, A.V,; Oesterreich, S.; Davidson, N.E. MCF-7 Cells—Changing the Course of Breast Cancer Research and Care for 45 Years. J.
Natl. Cancer Inst. 2015, 107, djv073. https://doi.org/10.1093/jnci/djv073.

https://doi.org/10.3390/jimaging12070297


https://doi.org/10.1038/s41592-020-01008-z
https://doi.org/10.1038/s41592-020-01018-x
https://doi.org/10.1016/j.media.2019.06.015
https://doi.org/10.1007/978-3-319-46723-8_49
https://doi.org/10.1038/s41592-019-0612-7
https://doi.org/10.1093/bioinformatics/btu080
https://doi.org/10.1093/bioinformatics/btu080
https://neurips22-cellseg.grand-challenge.org
https://neurips22-cellseg.grand-challenge.org
https://doi.org/10.24963/ijcai.2024/459
https://doi.org/10.1109/TMI.2022.3150682
https://doi.org/10.1016/j.media.2017.07.005
https://doi.org/10.1016/j.media.2017.07.005
https://doi.org/10.1109/TBME.2014.2303852
https://doi.org/10.1016/j.media.2021.101984
https://doi.org/10.1016/j.media.2021.101984
https://doi.org/10.1038/nmeth.4397
https://doi.org/10.15252/msb.202010108
https://doi.org/10.15252/msb.202010108
https://doi.org/10.1093/jnci/51.5.1409
https://doi.org/10.1093/jnci/djv073
https://doi.org/10.3390/jimaging12070297

J. Imaging 2026, 12, 297 28 of 31

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

Wollman, A.J.; Miller, H.; Foster, S.; Leake, M.C. Automated segmentation and division plane detection of live Staphylococcus
aureus cells at millisecond time scales. arXiv 2016, arXiv:1610.06361. https://doi.org/10.1088/1478-3975/13/5/055002.
Zernike, F. Phase contrast, a new method for the microscopic observation of transparent objects part II. Physica 1942, 9, 974-986.
https://doi.org/10.1016/S0031-8914(42)80079-8.

Oldenbourg, R.; Mei, G. New polarized light microscope with precision universal compensator. J. Microsc. 1995, 180, 140-147.
https:/ /doi.org/10.1111/j.1365-2818.1995.tb03669.x.

Allen, R.D.; David, G.N.; David, D.S. The Zeiss-Nomarski differential interference equipment for transmitted-light microscopy.
Z. Fiir Zellforsch. Und Mikrosk. Anat. 1969, 100, 403—406.

Popescu, G.; Ikeda, T.; Goda, K.; Best-Popescu, C.A.; Laposata, M.; Manley, S.; Dasari, R.R.; Feld, M.S. Quantitative phase imaging
of nanoscale cell structure and dynamics. Methods Cell Biol. 2008, 90, 87-115. https://doi.org/10.1016/50091-679X(08)00805-4.
Giepmans, B.N.G.; Adams, S.R.; Ellisman, M.H.; Tsien, R.Y. The fluorescent toolbox for assessing protein location and function.
Science 2006, 312, 217-224. https:/ /doi.org/10.1126 /science.1124618.

Rust, M.].; Bates, M.; Zhuang, X. Sub-diffraction-limit imaging by stochastic optical reconstruction microscopy (STORM). Nat.
Methods 2006, 3, 793-796. https:/ /doi.org/10.1038 /nmeth929.

Chen, B.C.; Legant, W.R.; Wang, K.; Shao, L.; Milkie, D.E.; Davidson, M.W.; Janetopoulos, C.; Wu, X.S.; Hammer, J.A,; Liu, Z,;
et al. Lattice light-sheet microscopy: Imaging molecules to embryos at high spatiotemporal resolution. Science 2014, 346, 1257998.
https://doi.org/10.1126 /science.1257998.

McDole, K.; Guignard, L.; Amat, F; Berger, A.; Malandain, G.; Royer, L.A.; Malandain, G.; Kosheleva, L; Branson, K.; Keller, PJ. In
Toto Imaging and Reconstruction of Post-Implantation Mouse Development at the Single-Cell Level. Cell 2018, 175, 859-876.e33.
https:/ /doi.org/10.1016/j.cell.2018.09.031.

Vladimirov, N.; Mu, Y.; Kawashima, T.; Bennett, D.V.; Yang, C.T.; Looger, L.L.; Keller, PJ.; Freeman, J.; Ahrens, M.B. Light-sheet
functional imaging in fictively behaving zebrafish. Nat. Methods 2014, 11, 883-884. https://doi.org/10.1038/nmeth.3040.
Schoppmeyer, R.; Zhao, R.; Hoth, M.; Qu, B. Light-sheet Microscopy for Three-dimensional Visualization of Human Immune
Cells. J. Vis. Exp. 2018, 136, e57651. https://doi.org/10.3791/57651.

Lubeck, E.; Cai, L. Single-cell systems biology by super-resolution imaging and combinatorial labeling. Nat. Methods 2012, 9,
743-748. https:/ /doi.org/10.1038 /nmeth.2069.

Eng, C.L.; Lawson, M.; Zhu, Q.; Dries, R.; Koulena, N.; Takei, Y.; Yun, J.; Cronin, C.; Karp, C.D.; Yuan, G.; et al. Transcriptome-scale
super-resolved imaging in tissues by RNA seqFISH+. Nature 2019, 568, 235-239. https://doi.org/10.1038 /s41586-019-1049-y.
Weigert, M.; Schmidt, U.; Haase, R.; Sugawara, K.; Myers, E.; Kirschner, M.; Urban, P.; Mathea, M.; Preibisch, S.; Myers,
G. Content-aware image restoration: Pushing the limits of fluorescence microscopy. Nat. Methods 2018, 15, 1090-1097.
https:/ /doi.org/10.1038 /s41592-018-0216-7.

Moen, E.; Bannon, D.; Kudo, T.; Graf, W.; Covert, M.; Van Valen, D. Deep learning for cellular image analysis. Nat. Methods 2019,
16, 1233-1246. https:/ /doi.org/10.1038 /s41592-019-0403-1.

Girshick, R.; Donahue, J.; Darrell, T.; Malik, J. Rich feature hierarchies for accurate object detection and semantic segmentation.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Columbus, OH, USA, 23-28 June 2014;
pp. 580-587. https:/ /doi.org/10.1109/CVPR.2014.81.

Liu, W.; Anguelov, D.; Erhan, D.; Szegedy, C.; Reed, S.; Fu, C.Y.; Berg, A.C. SSD: Single shot multibox detector. In Proceedings of
the European Conference on Computer Vision; Springer: Berlin/Heidelberg, Germany, 2016; pp. 21-37. https://doi.org/10.1007 /978-
3-319-46448-0_2.

Redmon, J.; Divvala, S.; Girshick, R.; Farhadi, A. You only look once: Unified, real-time object detection. In Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27-30 June 2016; pp. 779-788.
https://doi.org/10.1109/CVPR.2016.91.

Janowczyk, A.; Madabhushi, A. Deep learning for digital pathology image analysis: A comprehensive tutorial with selected use
cases. J. Pathol. Inform. 2016, 7, 29. https://doi.org/10.4103/2153-3539.186902.

Huang S, Cai N, Pacheco PP, Narrandes S, Wang Y, Xu W. Applications of Support Vector Machine (SVM) Learning in Cancer
Genomics. Cancer Genom. Proteom. 2018, 15, 41-51. https://doi.org/10.21873/cgp.20063.

Bray, M.A.; Singh, S.; Han, H.; Davis, C.T.; Borgeson, B.; Hartland, C.; Kost-Alimova, M.; Gustafsdottir, S.M.; Gibson, C.C,;
Carpenter, A.E. Cell Painting, a high-content image-based assay for morphological profiling using multiplexed fluorescent dyes.
Nat. Protoc. 2016, 11, 1757-1774. https://doi.org/10.1038 /nprot.2016.105.

Chen, J.; Lu, Y;; Yu, Q.; Luo, X.; Adeli, E.; Wang, Y.; Lu, L.; Yuille, A.L.; Zhou, Y. TransUNet: Transformers Make Strong Encoders
for Medical Image Segmentation. arXiv 2021, arXiv:2102.04306. https://doi.org/10.48550/arXiv.2102.04306.

Kolesnikov, A.; Zhai, X.; Beyer, L.; Puigcerver, J.; Yung, J.; Gelly, S.; Houlsby, N. Big Transfer (BiT): General visual representation
learning. arXiv 2019, arXiv:1912.11370. https:/ /doi.org/10.48550/arXiv.1912.11370.

Lu, A.; Kraus, O.; Cooper, S.; Moses, A. Learning unsupervised feature representations for single cell microscopy images with
paired cell inpainting. PLoS Comput. Biol. 2019, 15, €1007348. https://doi.org/10.1371/journal.pcbi.1007348.

https:/ /doi.org/10.3390 /jimaging12070297


https://doi.org/10.1088/1478-3975/13/5/055002
https://doi.org/10.1016/S0031-8914(42)80079-8
https://doi.org/10.1111/j.1365-2818.1995.tb03669.x
https://doi.org/10.1016/S0091-679X(08)00805-4
https://doi.org/10.1126/science.1124618
https://doi.org/10.1038/nmeth929
https://doi.org/10.1126/science.1257998
https://doi.org/10.1016/j.cell.2018.09.031
https://doi.org/10.1038/nmeth.3040
https://doi.org/10.3791/57651
https://doi.org/10.1038/nmeth.2069
https://doi.org/10.1038/s41586-019-1049-y
https://doi.org/10.1038/s41592-018-0216-7
https://doi.org/10.1038/s41592-019-0403-1
https://doi.org/10.1109/CVPR.2014.81
https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/10.1109/CVPR.2016.91
https://doi.org/10.4103/2153-3539.186902
https://doi.org/10.21873/cgp.20063
https://doi.org/10.1038/nprot.2016.105
https://doi.org/10.48550/arXiv.2102.04306
https://doi.org/10.48550/arXiv.1912.11370
https://doi.org/10.1371/journal.pcbi.1007348
https://doi.org/10.3390/jimaging12070297

J. Imaging 2026, 12, 297 29 of 31

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

Ardila, D.; Kiraly, A.P.; Bharadwaj, S.; Choi, S.; Reicher, ].].; Peng, L.; Tse, D.; Etemadi, M.; Ye, W.; Corrado, G.S.; et al. End-to-
end lung cancer screening with three-dimensional deep learning on low-dose chest computed tomography. Nat. Med. 2019,
25,954-961. https://doi.org/10.1038/s41591-019-0447-x.

Zhang, Q.; Zhu, S.C. Visual Interpretability for Deep Learning: A Survey. Front. Inf. Technol. Electron. Eng. 2018, 19, 27-39.
https://doi.org/10.1631/FITEE.1700808.

Zhou, Z.; Siddiquee, M.M.R.; Tajbakhsh, N.; Liang, J. UNet++: A nested U-Net architecture for medical image segmentation. In
Deep Learning in Medical Image Analysis and Multimodal Learning for Clinical Decision Support; Springer International Publishing:
Cham, Switzerland, 2018; pp. 3-11. https://doi.org/10.1007/978-3-030-00889-5_1.

Oktay, O.; Schlemper, J.; Folgoc, L.L.; Lee, M.; Heinrich, M.; Misawa, K.; Mori, K.; McDonagh, S.; Hammerla, N.Y.; Kainz, B.; et al.
Attention U-Net: Learning where to look for the pancreas. arXiv 2018, arXiv:1804.03999. https://doi.org/10.48550/arXiv.1804.0
3999.

Chen, L.C.; Papandreou, G.; Kokkinos, I.; Murphy, K.; Yuille, A.L. DeepLab: Semantic Image Segmentation with Deep
Convolutional Nets, Atrous Convolution, and Fully Connected CRFs. IEEE Trans. Pattern Anal. Mach. Intell. 2018, 40, 834-848.
https://doi.org/10.1109/TPAMI.2017.2699184.

Hatamizadeh, A.; Tang, Y.; Nath, V.; Yang, D.; Myronenko, A.; Landman, B.; Roth, H.R.; Xu, D. UNETR: Transformers for 3D
Medical Image Segmentation. In Proceedings of the IEEE/CVF Winter Conference on Applications of Computer Vision (WACV),
Waikoloa, HI, USA, 3-8 January 2022; pp. 574-584. https://doi.org/10.1109/WACV51458.2022.00181.

Xie, E.; Wang, W.; Yu, Z.; Anandkumar, A.; Alvarez, ] M.; Luo, P. SegFormer: Simple and Efficient Design for Semantic
Segmentation with Transformers. In Proceedings of the Advances in Neural Information Processing Systems (NeurIPS), Virtual,
6-14 December 2021; Volume 34, pp. 12077-12090. https://doi.org/10.48550/arXiv.2105.15203

Solopov, M.; Chechekhina, E.; Kavelina, A.; Akopian, G.; Turchin, V.; Popandopulo, A.; Filimonov, D.; Ishchenko, R. Comparative
Study of Deep Transfer Learning Models for Semantic Segmentation of Human Mesenchymal Stem Cell Micrographs. Int. J. Mol.
Sci. 2025, 26, 2338. https://doi.org/10.3390/ijms26052338.

Zhou, C,; Paffenroth, R.C. Anomaly detection with robust deep autoencoders. In Proceedings of the 23rd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining; ACM: New York, NY, USA, 2017; pp. 665-674. https://doi.org/10.1145/3097
983.3098052.

Schlegl, T.; Seebock, P.; Waldstein, S.M.; Schmidt-Erfurth, U.; Langs, G. Unsupervised anomaly detection with generative
adversarial networks to guide marker discovery. In Proceedings of the International Conference on Information Processing in Medical
Imaging; Springer: Berlin/Heidelberg, Germany, 2017; pp. 146-157. https://doi.org/10.1007/978-3-319-59050-9_12.

Tack, J.; Mukherjee, A.; Breckon, T.P; Cipolla, R. Csi: Novelty detection via contrastive learning on distributionally shifted
instances. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Seattle, WA, USA, 13-19
June 2020; pp. 11639-11648.

Chalapathy, R.; Chawla, S. Deep learning for anomaly detection: A survey. arXiv 2019, arXiv:1901.03407. https://doi.org/10.485
50/arXiv.1901.03407.

Yoshida, K.; Matsui, T.; Motomura, Y.; Nagamura-Inoue, T.; Takaori-Kondo, A. Deep learning application of the discrimination of
bone marrow aspiration cells in patients with myelodysplastic syndromes. Sci. Rep. 2022, 12, 18743. https://doi.org/10.1038/s4
1598-022-21887-w.

Huth, J.; Buchholz, M.; Kraus, ].M.; Schmucker, M.; Von Wichert, G.; Krndija, D.; Seufferlein, T.; Gress, T.M.; Kestler, H.A.
Significantly improved precision of cell migration analysis in time-lapse video microscopy through use of a fully automated
tracking system. BMC Cell Biol. 2010, 11, 24. https://doi.org/10.1186/1471-2121-11-24.

Kaakinen, M.; Huttunen, S.; Paavolainen, L.; Marjomaéki, V.; Heikkild, J.; Eklund, L. Automatic detection and analysis of
cell motility in phase-contrast time-lapse images using a combination of maximally stable extremal regions and Kalman filter
approaches. J. Microsc. 2014, 253, 65-78. https://doi.org/10.1111/jmi.12098.

Spilger, R.; Imle, A.; Lee, ].Y.; Muller, B.; Fackler, O.T.; Bartenschlager, R.; Rohr, K. A Recurrent Neural Network for Particle
Tracking in Microscopy Images Using Future Information, Track Hypotheses, and Multiple Detections. IEEE Trans. Image Process.
2020, 29, 7284-7296. https:/ /doi.org/10.1109/TIP.2020.2964515.

Ben-Haim, T.; Raviv, T.R. Graph Neural Network for Cell Tracking in Microscopy Videos. In Proceedings of the Computer Vision—
ECCV 2022; Avidan, S., Brostow, G., Cissé, M., Farinella, G.M., Hassner, T., Eds.; Springer Nature: Cham, Switzerland, 2022;
pp. 610-626. https:/ /doi.org/10.1007/978-3-031-19803-8_36.

Zargari, A.; Lodewijk, G.A.; Mashhadi, N.; Cook, N.; Neudorf, C.W.; Araghbidikashani, K.; Hays, R.; Kozuki, S.; Rubio, S.;
Hrabeta-Robinson, E.; et al. DeepSea is an efficient deep-learning model for single-cell segmentation and tracking in time-lapse
microscopy. Cell Rep. Methods 2023, 3, 100500. https://doi.org/10.1016/j.crmeth.2023.100500.

Cutler, KJ.; Stringer, C.; Lo, T.W.; Rappez, L.; Stroustrup, N.; Peterson, S.B.; Wiggins, P.A.; Mougous, J.D. Omnipose: A
high-precision morphology-independent solution for bacterial cell segmentation. Nat. Methods 2022, 19, 1438-1448. https:
/ /doi.org/10.1038 /s41592-022-01639-4.

https://doi.org/10.3390/jimaging12070297


https://doi.org/10.1038/s41591-019-0447-x
https://doi.org/10.1631/FITEE.1700808
https://doi.org/10.1007/978-3-030-00889-5_1
https://doi.org/10.48550/arXiv.1804.03999
https://doi.org/10.48550/arXiv.1804.03999
https://doi.org/10.1109/TPAMI.2017.2699184
https://doi.org/10.1109/WACV51458.2022.00181
https://doi.org/10.48550/arXiv.2105.15203
https://doi.org/10.3390/ijms26052338
https://doi.org/10.1145/3097983.3098052
https://doi.org/10.1145/3097983.3098052
https://doi.org/10.1007/978-3-319-59050-9_12
https://doi.org/10.48550/arXiv.1901.03407
https://doi.org/10.48550/arXiv.1901.03407
https://doi.org/10.1038/s41598-022-21887-w
https://doi.org/10.1038/s41598-022-21887-w
https://doi.org/10.1186/1471-2121-11-24
https://doi.org/10.1111/jmi.12098
https://doi.org/10.1109/TIP.2020.2964515
https://doi.org/10.1007/978-3-031-19803-8_36
https://doi.org/10.1016/j.crmeth.2023.100500
https://doi.org/10.1038/s41592-022-01639-4
https://doi.org/10.1038/s41592-022-01639-4
https://doi.org/10.3390/jimaging12070297

J. Imaging 2026, 12, 297 30 of 31

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

Liu, Z.; Jin, L.; Chen, ].; Fang, Q.; Ablameyko, S.; Yin, Z.; Xu, Y. A survey on applications of deep learning in microscopy image
analysis. Comput. Biol. Med. 2021, 134, 104523. https://doi.org/10.1016/j.compbiomed.2021.104523.

Milletari, F.; Navab, N.; Ahmadi, S.A. V-Net: Fully convolutional neural networks for volumetric medical image segmentation.
In Proceedings of the 2016 Fourth International Conference on 3D Vision (3DV); IEEE: Piscataway, NJ, USA, 2016; pp. 565-571.
https:/ /doi.org/10.1109/3DV.2016.79.

Litjens, G.; Kooi, T.; Bejnordi, B.E.; Setio, A.A.A.; Ciompi, F; Ghafoorian, M.; van der Laak, J.; van Ginneken, B.; Sanchez, C.I.
Deep learning approaches to biomedical image segmentation. Inform. Med. Unlocked 2020, 18, 100297. https://doi.org/10.1016/j.
imu.2020.100297.

Wang, A.; Zhang, Q.; Han, Y.; Megason, S.; Hormoz, S.; Mosaliganti, K.R.; Lam, J.C.K,; Li, V.O.K. A novel deep learning-based 3D
cell segmentation framework for future image-based disease detection. Sci. Rep. 2022, 12, 342. https://doi.org/10.1038/541598-0
21-04048-3.

Funke, J.; Tschopp, F.; Grisaitis, W.; Sheridan, A.; Singh, C.; Saalfeld, S.; Turaga, S.C. Large Scale Image Segmentation with
Structured Loss Based Deep Learning for Connectome Reconstruction. IEEE Trans. Pattern Anal. Mach. Intell. 2018, 41, 1669-1680.
https://doi.org/10.1109/ TPAMI.2018.2835450.

Januszewski, M.; Kornfeld, J.; Li, PH.; Pope, A.; Blakely, T.; Lindsey, L.; Maitin-Shepard, J.; Tyka, M.; Denk, W,; Jain, V.;
et al. High-precision automated reconstruction of neurons with flood-filling networks. Nat. Methods 2018, 15, 605-610.
https:/ /doi.org/10.1038 /s41592-018-0049-4.

Xue, Y.; Xu, T.; Zhang, H.; Long, L.R.; Huang, X. SegAN: Adversarial Network with Multi-scale L1 Loss for Medical Image
Segmentation. Neuroinformatics 2018, 16, 383-392. https://doi.org/10.1007/s12021-018-9377-x.

Graham, S.; Vu, Q.D.; Raza, S.E.A.; Azam, A.; Tsang, Y.W.; Kwak, ].T.; Rajpoot, N. Hover-net: Simultaneous segmentation and
classification of nuclei in multi-tissue histology images. Med. Image Anal. 2019, 58, 101563. https://doi.org/10.1016/j.media.2019
.101563.

Pachitariu, M.; Stringer, C. Cellpose 2.0: How to train your own model. Nat. Methods 2022, 19, 1634-1641. https://doi.org/10.103
8/s41592-022-01663-4.

Yu, J. Point-Supervised Single-Cell Segmentation via Collaborative Knowledge Sharing. IEEE Trans. Med. Imaging 2023,
42, 3884-3894. https://doi.org/10.1109/TMI.2023.3312988.

Mathieu, G.; Annika, L.M.; Bachir, E.D. BriFiSeg: a deep learning-based method for semantic and instance segmentation of nuclei
in brightfield images. arXiv 2022, arXiv:2211.03072. https://doi.org/10.48550/arXiv.2211.03072.

Chen, S.; Ding, C.; Liu, M.; Tao, D. CPP-Net: Context-aware Polygon Proposal Network for Nucleus Segmentation. arXiv 2021,
arXiv:2102.06867. https:/ /doi.org/10.48550/arXiv.2102.06867.

Wolf, S.; Lalit, M.; Westmacott, H.; McDole, K.; Funke, J. Unsupervised Learning of Object-Centric Embeddings for Cell Instance
Segmentation in Microscopy Images. arXiv 2023, arXiv:2310.08501. https://doi.org/10.48550/arXiv.2310.08501.

Stringer, C.; Pachitariu, M. Cellpose3: One-click image restoration for improved cellular segmentation. Nat. Methods 2025,
22,592-599. https://doi.org/10.1038/s41592-025-02595-5.

Bommasani, R.; Hudson, D.A.; Adeli, E.; Altman, R.; Arora, S.; von Arx, S.; Bernstein, M.S.; Bohg, J.; Bosselut, A.; Brunskill, E.; et al.
On the opportunities and risks of foundation models. arXiv 2021, arXiv:2108.07258. https://doi.org/10.48550/arXiv.2108.07258.
Dosovitskiy, A.; Beyer, L.; Kolesnikov, A.; Weissenborn, D.; Zhai, X.; Unterthiner, T.; Dehghani, M.; Minderer, M.; Heigold, G.;
Gelly, S.; et al. An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. arXiv 2021, arXiv:2010.11929.
https://doi.org/10.48550/arXiv.2010.11929.

Archit, A; Freckmann, L.; Nair, S.; Khalid, N.; Hilt, P.; Rajashekar, V.; Freitag, M.; Teuber, C.; Spitzner, M.; Tapia, Contreras, C.; et
al. Segment Anything for Microscopy. Nat. Methods 2025, 22, 579-591. https://doi.org/10.1038 /s41592-024-02580-4.

MONAI MONAI VISTA: Versatile Imaging Segmentation and Annotation. 2025. https://github.com/Project-MONAI/VISTA
(accessed on 14 July 2025).

Spanhol, EA ; Oliveira, L.S.; Petitjean, C.; Heutte, L. A Dataset for Breast Cancer Histopathological Image Classification. IEEE
Trans. Biomed. Eng. 2016, 63, 1455-1462. https://doi.org/10.1109/TBME.2015.2496264.

Kumar, N.; Verma, R.; Anand, D.; Zhou, Y.; Onder, O.E; Tsougenis, E.; Chen, H.; Heng, PA; Li, J.; Hu, Z,; et al. A Multi-Organ
Nucleus Segmentation Challenge. IEEE Trans. Med. Imaging 2020, 39, 1380-1391. https://doi.org/10.1109/TMI.2019.2947628.
Verma, R.; Kumar, N.; Patil, A.; Kurian, N.C.; Rane, S.; Graham, S.; Vu, Q.D.; Zwager, M.; Raza, S.E.A.; Rajpoot, N.; et al.
MoNuSAC2020: A Multi-Organ Nuclei Segmentation and Classification Challenge. IEEE Trans. Med. Imaging 2021, 40, 3413-3423.
https://doi.org/10.1109/TMI1.2021.3085712.

Gamper, J.; Alemi Koohbanani, N.; Benet, K.; Khuram, A.; Rajpoot, N. PanNuke: An Open Pan-Cancer Histology Dataset for
Nuclei Instance Segmentation and Classification. In Proceedings of the Digital Pathology; Reyes-Aldasoro, C.C., Janowczyk, A.,
Veta, M., Bankhead, P., Sirinukunwattana, K., Eds.; Springer International Publishing: Cham, Switzerland, 2019; pp. 11-19.
https:/ /doi.org/10.1007 /978-3-030-23937-4_2.

https:/ /doi.org/10.3390 /jimaging12070297


https://doi.org/10.1016/j.compbiomed.2021.104523
https://doi.org/10.1109/3DV.2016.79
https://doi.org/10.1016/j.imu.2020.100297
https://doi.org/10.1016/j.imu.2020.100297
https://doi.org/10.1038/s41598-021-04048-3
https://doi.org/10.1038/s41598-021-04048-3
https://doi.org/10.1109/TPAMI.2018.2835450
https://doi.org/10.1038/s41592-018-0049-4
https://doi.org/10.1007/s12021-018-9377-x
https://doi.org/10.1016/j.media.2019.101563
https://doi.org/10.1016/j.media.2019.101563
https://doi.org/10.1038/s41592-022-01663-4
https://doi.org/10.1038/s41592-022-01663-4
https://doi.org/10.1109/TMI.2023.3312988
https://doi.org/10.48550/arXiv.2211.03072
https://doi.org/10.48550/arXiv.2102.06867
https://doi.org/10.48550/arXiv.2310.08501
https://doi.org/10.1038/s41592-025-02595-5
https://doi.org/10.48550/arXiv.2108.07258
https://doi.org/10.48550/arXiv.2010.11929
https://doi.org/10.1038/s41592-024-02580-4
https://github.com/Project-MONAI/VISTA
https://doi.org/10.1109/TBME.2015.2496264
https://doi.org/10.1109/TMI.2019.2947628
https://doi.org/10.1109/TMI.2021.3085712
https://doi.org/10.1007/978-3-030-23937-4_2
https://doi.org/10.3390/jimaging12070297

J. Imaging 2026, 12, 297 31 of 31

106.

107.

108.

109.

110.

111.

112.

113.

Amgad, M.; Atteya, L.A.; Hussein, H.; Mohammed, K.H.; Hafiz, E.; Elsebaie, M.A.T.; Alhusseiny, A.M.; AlMoslemany, M.A_;
Elmatboly, A.M.; Pappalardo, P.A.; et al. NuCLS: A scalable crowdsourcing approach and dataset for nucleus classification and
segmentation in breast cancer. GigaScience 2022, 11, giac037. https://doi.org/10.1093/gigascience /giac037.

Edlund, E.; Venkataramani, V.; Monteiro, D.; Veeling, B.; Hollandi, R.; Llamosi, A.; Montenegro, J.; Smith, K.; Pekalski, M.;
Ronneberger, O.; et al. LiveCell—A large-scale dataset for label-free live cell segmentation. Nat. Methods 2021, 18, 680-687.
https:/ /doi.org/10.1038 /s41592-021-01249-6.

Spahn, C.; Gémez-de-Mariscal, E.; Laine, R.F.; Pereira, PM.; von Chamier, L.; Conchello, M.; Pinho, M.G.; Jacquemet, G.; Holden,
S.; Heilemann, M.; et al. DeepBacs for multi-task bacterial image analysis using open-source deep learning approaches. Commun.
Biol. 2022, 5, 688. https://doi.org/10.1038 /s42003-022-03634-z.

Schwendy, M.; Unger, R.E.; Parekh, S.H. EVICAN—A balanced dataset for algorithm development in cell and nucleus segmenta-
tion. Bioinformatics 2020, 36, 3863-3870. https://doi.org/10.1093 /bioinformatics/btaa225.

Pereira, PM.; Pinho, M. Staphylococcus Aureus Widefield Segmentation Dataset. Zenodo. 2023. Available online: https:
/ /zenodo.org/records /5550933 (accessed on 19 May 2025).

Jacquemet, G.; Roy, N.H. T Cell Dataset. Zenodo. 2020. Available online: https://zenodo.org/records /4034929 (accessed on 19
May 2025).

Jacquemet, G. Breast Cancer Cell Dataset. Zenodo. 2020. Available online: https://zenodo.org/records /4034976 (accessed on 29
May 2025).

Follain, G.; Jacquemet, G. Flow Chamber Dataset. Zenodo. 2020. Available online: https://zenodo.org/records /4034939
(accessed on 29 May 2025).

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390 /jimaging12070297


https://doi.org/10.1093/gigascience/giac037
https://doi.org/10.1038/s41592-021-01249-6
https://doi.org/10.1038/s42003-022-03634-z
https://doi.org/10.1093/bioinformatics/btaa225
https://zenodo.org/records/5550933
https://zenodo.org/records/5550933
https://zenodo.org/records/4034929
https://zenodo.org/records/4034976
https://zenodo.org/records/4034939
https://doi.org/10.3390/jimaging12070297

	Introduction
	Review
	Trends in Publications and Research Focus
	Applications of Cell Segmentation in Biomedical Research
	Microscopy Techniques
	Computer Vision Tasks
	Instance Segmentation
	Foundation Models
	Datasets
	Segmentation Evaluation Metrics
	Challenges and Future Directions

	Experiments
	Data
	Preprocessing and Software
	Models
	Proposed Method
	Compared Methods

	Evaluation Metrics
	Results
	Discussion
	Limitations

	Summary and Conclusions
	Additional Tables
	References

