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Abstract

Bioimage analysis workflows for living cells typically involve a sequence of steps, including image acquisition, preprocessing, cell 

segmentation, object classification, and temporal tracking. Cell segmentation aims to identify and separate individual cells in microscopy 

images, whereas cell tracking links these segmented objects across time-lapse image sequences to quantify cell movement, morphology, 

and dynamic behavior. These tasks are challenging because microscopy datasets often vary in image quality and may contain imaging 

noise, variable staining, overlapping cells, heterogeneous cell morphologies, and changing acquisition conditions. Over the past 

decade, the field has shifted from heuristic and rule-based image processing toward deep learning-based approaches, supported by 

advances in convolutional neural networks, foundation models, and increasingly standardized datasets. This transition has been closely 

connected to the development of interoperable data formats, shared benchmarks, and open-source bioimage analysis ecosystems. The 

present review discusses this evolution with a focus on standardization, benchmarking, and data-centric model adaptation strategies. 

In this context, data-centric strategies refer to approaches that improve model performance primarily through better data selection, 

annotation, fine-tuning, and expert feedback rather than through architecture design alone. Particular attention is given to small-

sample fine-tuning and human-in-the-loop workflows, which aim to adapt pretrained segmentation and tracking models to laboratory-

specific microscopy data while reducing annotation effort and improving the reliability of downstream biological conclusions. 
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1 Introduction
In the past decade, bioimaging has become one of the 
emerging scientific fields, fundamentally transforming 
the quantitative and qualitative analysis of microorgan-
isms and cellular activities. Early image analysis meth-
ods relied primarily on manual observations or heuristics 
based on simple, predefined features. For instance, global 
thresholding segments images by applying a single inten-
sity cutoff across the entire image, while background cor-
rection compensates for uneven illumination or acquisi-
tion artifacts by subtracting an estimated background 
intensity. However, these methods frequently struggle 
with the inherent complexity of biological samples, such 
as the presence of outlier subpopulations at atypical pro-
portions, intricate and transient cell-cell interactions, col-
liding cell pairs, and dimly stained or irregularly shaped 

cells. These limitations have contributed to the shift from 
heuristic image analysis toward trainable and deep learn-
ing-based approaches. At the same time, benchmark stud-
ies using both synthetic and experimentally acquired data-
sets have shown that robust model performance depends 
not only on algorithm design, but also on the availability 
of representative and standardized training data [1]. As a 
result, modern bioimage analysis increasingly relies on 
shared datasets, reproducible evaluation frameworks, and 
trainable models that can process larger and more hetero-
geneous image collections than earlier heuristic methods.

A typical bioimage analysis workflow starts with image 
acquisition and preprocessing, followed by cell segmenta-
tion, classification or phenotypic characterization, and, in 
time-lapse experiments, cell tracking. Because each step 
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depends on reliable data handling and task-specific eval-
uation, workflow-level challenges have made standardiza-
tion, benchmarking, and iterative model adaptation cen-
tral issues in modern bioimage analysis.

2 Standardization of datasets
The need for unified handling and sharing of large-scale, 
multidimensional microscopy image data, as well as for 
ensuring interoperability among different analysis tools, 
emerged early and led to efforts to standardize file formats 
and data models [2]. One of the key outcomes of these ini-
tiatives is the standardization effort initiated by the Open 
Microscopy Environment (OME), alongside which hierar-
chical data formats such as HDF5 and the OME’s next-gen-
eration file format (OME-NGFF) have also gained impor-
tance. These formats differ not only in structure but also 
in data access strategies: while monolithic file formats 
(e.g., HDF5) rely on fast random access within a single file, 
next-generation, chunk-based approaches (e.g., OME-Zarr 
within OME-NGFF) enable scalable and efficient access 
in distributed and cloud-based environments. Within this 
framework the OME-TIFF format was developed, fol-
lowed by the introduction of the OME-Zarr cloud-opti-
mized format in response to the demands of cloud-based 
processing. The latter enables efficient, chunked storage of 
large-scale, multidimensional image data and allows fast, 
partial access  [3]. Standardization is also closely linked 
to the advancement of image processing algorithms; in 
particular, deep learning-based approaches (such as those 
relying on convolutional neural networks or Transformer 
architectures) require increasingly large and diverse data-
sets, further reinforcing the need for unified data struc-
tures  [4–7]. Typical bioimage analysis workflows can be 
broadly divided into three main tasks: segmentation, clas-
sification, and tracking, each of which introduces specific 
computational and data-related challenges (see Fig. 1).

In addition, the increasing scale and complexity of 
datasets have also driven the adoption of more informa-
tive visualization techniques, such as raincloud plots, 
which simultaneously display raw data points, distribution 
density, and summary statistics, thereby providing a more 
transparent representation of underlying data distributions 
compared to traditional summary plots.

Beyond file-format standardization, the increasing 
integration of automated image analysis into microscopy 
workflows also requires consistent data handling across 
acquisition, storage, preprocessing, and downstream anal-
ysis. This need for unified data structures is particularly 

important as deep learning-based methods become more 
data-intensive and are increasingly applied in biological 
and clinical imaging contexts. The growing combination 
of advanced microscopy, automated image analysis, and 
single-cell technologies further highlights the need for 
standardized and reproducible data handling in modern 
bioimage analysis workflows [8].

3 Ecosystems and algorithm benchmarking
In bioimage analysis, benchmarking refers to the system-
atic comparison of algorithms on shared datasets using 
predefined evaluation metrics and standardized ground 
truth annotations. For segmentation, commonly used met-
rics include precision, recall, Dice coefficient, intersec-
tion-over-union-based scores, and F1-score. For tracking, 
evaluation must additionally account for temporally con-
sistent object identities, including linking accuracy, track 
fragmentation, missed detections, false detections, and 
errors around cell division events.

Within the bioimaging software ecosystem, open-
source and commercial solutions coexist in a complemen-
tary manner. Community-driven open-source tools and 
libraries play a central role in facilitating interoperabil-
ity between workflows and analytical platforms, while 
increasingly adopting standardized data formats. Recent 
work has introduced specialized models designed to 
address specific computational challenges; for example, 
Scl-Yolo provides a lightweight architecture for blood cell 
detection, with strength in resolving overlapping cells in 

Fig. 1 Overview of core bioimage analysis workflows, including 
preprocessing, segmentation, classification, and tracking. The figure 

illustrates the main analytical steps and representative challenges; 
detailed task definitions and benchmarking aspects are discussed in the 

text. Adapted from [4].
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complex imaging conditions. At the same time, general-
ist algorithms such as Cellpose3 have evolved to integrate 
image restoration with improved cellular segmentation 
performance. More recently, the emergence of founda-
tion models, such as Segment Anything for Microscopy 
and CellSAM has marked a shift toward large-scale pre-
trained approaches capable of delivering robust segmen-
tation across diverse biological datasets  [9–12]. In  con-
trast, commercial bioimaging platforms, particularly those 
deployed in clinical and high-throughput industrial set-
tings are designed as tightly integrated systems that com-
bine image acquisition, hardware control, and analysis 
within a single environment. The practical benchmarking 
of these ecosystems is particularly vital in high-through-
put environments, such as microfluidic single-cell analysis 
platforms. Studies focusing on continuous cell monitor-
ing have demonstrated that standardized algorithms must 
maintain high precision even under varying flow condi-
tions and temporal discontinuities [13, 14]. These solutions 
typically provide validated performance, streamlined 
workflows, and guaranteed compatibility with specific 
imaging hardware, which is critical in regulated applica-
tions. However, this tight integration often relies on pro-
prietary data formats and limited extensibility, which can 
restrict data reuse, complicate interoperability with exter-
nal tools, and hinder transparent algorithm comparison 
across platforms. As a result, user flexibility and reproduc-
ibility may be constrained in practice [15–17]. To address 
these limitations, the bioimaging community has increas-
ingly shifted toward open and standardized data struc-
tures and interoperable frameworks. This transition has 
not only facilitated data sharing and reuse but has also 
enabled the systematic benchmarking of algorithms using 
objective and comparable evaluation metrics, thereby sup-
porting more rigorous methodological development [18].

In response, a landmark study introduced a framework 
that enabled the comparison of different algorithms using 
unified datasets and evaluation metrics. One  of the most 
important innovations of this approach was the creation of a 
publicly available database consisting of both real and simu-
lated microscopy images, covering various cell types, imag-
ing modalities, and differing levels of noise and complex-
ity [18]. A key finding of the study was that the performance 
of different algorithms strongly depends on data characteris-
tics, such as noise level, cell density, and three-dimensional 
structure, and that no universally optimal method exists for 
all scenarios [18]. This clearly highlights that progress in the 
field requires not only new algorithms but also standardized 

evaluation environments and shared reference datasets. 
These developments coincided with the emergence of deep 
learning methods in bioimage processing.

4 Deep learning
Uniformly designed evaluation frameworks have not 
only enabled the objective comparison of algorithms 
but have also provided standardized, annotated datasets 
and evaluation protocols that are essential for training 
and reliably assessing data-intensive deep neural net-
works. Cell tracking methods clearly reflect these devel-
opments: beyond their initial role as reference frame-
works, such initiatives have continuously expanded with 
new, more diverse datasets and evaluation possibilities. 
Developments after 2017, particularly the rise of compre-
hensive segmentation-focused benchmarks, have signifi-
cantly increased the volume and diversity of annotated 
data available to the research community. This expan-
sion has directly enabled the application of data-intensive 
deep learning approaches by providing the scale needed 
for robust model training. At the same time, the growing 
dominance of deep neural networks has introduced new 
challenges, particularly regarding stringent data require-
ments and the complexity of training strategies [19]. 

Clinical hematology provides a practical example of 
how deep learning-based image analysis can be integrated 
into standardized diagnostic workflows. The  convolu-
tional neural network  (CNN) based Morphogo system, 
developed for bone marrow cell analysis, combines auto-
mated whole-slide imaging with expert-validated morpho-
logical classification and is capable of identifying more 
than 25 types of nucleated cells. Its reported performance, 
including an overall accuracy of 99.01%, a sensitivity of 
80.95%, and a specificity of 99.48%, illustrates how deep 
learning can support high-throughput, standardized cell 
classification in clinically relevant settings [20].

The efficacy of deep learning architectures is not lim-
ited to bone marrow analysis; similar robust performances 
have been observed in the morphological characterization 
of peripheral blood cells. Neural network-based automated 
pipelines effectively address challenges such as high vari-
ance in cell shapes and staining artifacts, thereby success-
fully bridging the gap between raw experimental observa-
tions and quantitative biological insights [21].

Compared with segmentation, cell tracking introduces 
additional temporal challenges. Errors in a single frame 
may propagate across the entire trajectory, and tracking 
algorithms must handle cell migration, mitosis, temporary 
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occlusion, changes in morphology, and missed or false 
detections. Therefore, tracking performance cannot be 
assessed solely by segmentation accuracy; it also requires 
metrics that evaluate identity preservation and the cor-
rectness of temporal links. This distinction is particularly 
important in biological studies where downstream conclu-
sions depend on dynamic parameters such as migration 
speed, lineage relationships, proliferation, or time-depen-
dent morphological changes.

5 Iterative training workflows and the human-in-the-
loop ecosystem
In bioimaging, the training of neural networks typically 
follows an iterative, progressively refined workflow in 
which data preparation, model fitting, evaluation, and 
method optimization occur in repeated cycles  [22]. This 
cyclic perspective is also reflected in practical protocols: 
training neural networks rarely involves a single model 
run, but rather follows a process involving data, model, 
evaluation, and deployment, where dataset and evaluation 
protocols are at least as critical as the chosen architecture.

The typical steps in image processing tasks are as fol-
lows. First, data collection and preprocessing are per-
formed, including image acquisition (2D/3D formats), 
intensity normalization, noise reduction, contrast enhance-
ment, and tiling in the case of images with large field-of-
view [22, 23]. This is followed by labeling or annotation 
and by dividing the data into training, validation, and test 
subsets. In segmentation, cell detection, or cell track-
ing tasks, annotation is typically the most resource-in-
tensive step, requiring not only labels but also consistent 
definitions (e.g., what constitutes an object, how over-
laps are handled, and how specific cell-cell interactions 
are treated). Frameworks aimed at small-sample adapta-
tion also emphasize that manual annotation of large data-
sets can realistically take weeks; consequently, fine-tun-
ing approaches requiring minimal labeling are gaining 
increasing importance in practice [24–26].

The third step is model selection and training. In  the 
field of segmentation, one of the key methodological break-
throughs was the introduction of the U-Net architecture, 
which combines an encoder-decoder structure with skip 
connections, enabling the capture of both global context 
and fine structural details. This approach, complemented 
by strong data augmentation strategies, allows effective 
training even on relatively small datasets, which is particu-
larly important in biological applications [27]. Subsequent 
developments have focused not only on architecture but 

also on complete training and processing frameworks. 
An example is nnU-Net, which implements the entire pro-
cessing pipeline, from preprocessing through architecture 
and training parameters to postprocessing, within a uni-
fied framework, significantly reducing the need for expert 
manual tuning  [28]. As  a  result, pre-trained and directly 
applicable models have emerged, such as the open-source 
Cellpose, which are designed to work across various types 
of microscopy images with minimal training cycles and 
limited fine-tuning. These systems do not introduce entirely 
new architectures but instead build upon existing ones to 
provide generalizable models that operate robustly under 
diverse experimental conditions. This approach is partic-
ularly advantageous in everyday laboratory applications, 
where fast and reliable processing is essential [10, 29].

Finally, user-friendly tools requiring fewer or no pro-
gramming have significantly improved accessibility. 
For example, deepImageJ, as a Fiji/ImageJ plugin, enables 
the direct execution of pre-trained neural networks while 
maintaining compatibility with multiple deep learning 
frameworks. Such solutions bridge the gap between tra-
ditional image processing environments and modern 
Python-based deep learning tools, enabling the integrated 
use of different technologies. This substantially reduces 
development effort and facilitates broader accessibility of 
advanced methods to the research community [30]. 

This progress is largely driven by the open-source eco-
system, which ensures free access to software and promotes 
community-driven integration. Within this framework, the 
"human-in-the-loop" paradigm emerges at stages where 
full automation is either unreliable or not cost-effective. 
Such tasks include the definition of quality criteria, anno-
tation, labeling, and validation, error analysis, and iterative 
refinement, as well as expert approval in clinical applica-
tions  [31]. In cell segmentation and tracking, it is partic-
ularly evident that the challenges of deep learning-based 
methods often stem not from model inaccuracy, but from 
the difficulty of correcting errors and feeding these cor-
rections back into the learning process. In addition to the 
high annotation demands of supervised learning, many 
approaches lack mechanisms to efficiently correct errone-
ous associations and incorporate these corrections through 
fine-tuning. Furthermore, interactive, human-in-the-loop 
tools that would support continuous adjustment of model 
behavior are often missing. As a result, manual cell track-
ing often remains the preferred solution in practice, since 
post hoc correction of automated results frequently does 
not yield meaningful time savings [25].
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To improve time efficiency, the human-in-the-loop 
approach has evolved toward annotating not entire data-
sets but only the most informative data points. Based on 
these targeted annotations, the model is fine-tuned, and 
performance is gradually improved through iterative feed-
back cycles. This integrated approach, combining auto-
mated selection and expert intervention, creates a syner-
gistic environment for model optimization (see Fig. 2) [32].

6 Fine-tuning and annotation-efficient model 
adaptation
In this context, fine-tuning refers to adapting a pre-trained 
model (a general-purpose or task-specific segmentation 
neural network) to a new microscopy environment using a 
small amount of data from critical regions. This allows the 
method to be applied under diverse conditions, including 
different cell types, staining protocols, noise levels, and 
focus settings. The importance of fine-tuning lies in the 
fact that, although "generalist" segmenters (e.g., Cellpose) 
exist, the heterogeneity of real laboratory data often leads 
to performance degradation in specific tissues or imaging 
conditions, and domain-specific adaptation can yield mea-
surable improvements [10, 25, 29, 33].

Fine-tuning strategies can follow different approaches, 
primarily differing in how many model parameters are 
updated during training. A common approach to fine-tun-
ing is to update only a subset of the model parameters, such 
as the output layers, which enables more stable training and 

faster convergence even with limited annotations. At  the 
other extreme is full fine-tuning, where most or all of the 
network parameters are updated; while this provides high 
flexibility, it is computationally demanding and may lead to 
overfitting when only small datasets are available. In recent 
years, so-called parameter-efficient adaptation methods 
have gained increasing attention. These approaches aim to 
achieve significant performance improvements with only 
a minimal number of trainable parameters. The core idea 
behind LoRA (Low-Rank Adaptation) is that retraining 
the entire model is unnecessary; instead, it is sufficient to 
learn low-rank modifications relative to the fixed weights, 
significantly reducing computational and memory require-
ments [24, 25, 34]. Although this approach was originally 
introduced for language models, the underlying princi-
ple is particularly promising for bioimaging tasks, where 
annotated data are often limited.

The efficiency of fine-tuning can be further improved 
through targeted sample selection. For example, the 
CGMD (Centrality-Guided Maximum Diversity) pipeline 
proposes an image selection strategy that enables effective 
adaptation even under extremely low annotation budgets: 
the selected images are both representative and diverse 
in the model’s representation space, thereby providing 
maximal new information during fine-tuning [32]. In this 
approach, centrality favors samples that are representa-
tive of the dataset distribution, whereas maximum diver-
sity reduces redundancy among the selected images. As a 
result, a small annotation set can cover a broader range 
of relevant morphologies, image qualities, and experimen-
tal conditions, making fine-tuning more efficient under 
limited annotation budgets. Among recent small-sample 
adaptation strategies, CSRefiner is discussed separately 
because it provides a concrete example of how limited 
manual annotation can be translated into measurable seg-
mentation improvement in whole-tissue images.

6.1 Small-sample fine-tuning for tissue segmentation 
(CSRefiner)
CSRefiner represents a significant methodological focal 
point, as it provides a small-sample fine-tuning workflow for 
scenarios requiring robust segmentation across entire tissue 
sections (whole tissue). This approach is particularly critical 
where methodological errors could directly impact biologi-
cal conclusions, such as the identification of rare cell popu-
lations or the detection of subpopulations with proportions 
strongly deviating from physiological norms  [5,  34‒36]. 
A  key strength of this framework is that algorithms like 

Fig. 2 Schematic representation of the iterative human-in-the-loop 
(HITL) fine-tuning workflow. The pipeline utilizes a pre-trained model 

to extract feature vectors from the raw microscopy dataset, followed 
by the Centrality-Guided Maximum Diversity (CGMD) algorithm to 
identify the most diverse and representative samples. These targeted 
images are then expert-annotated and incorporated into the model 

through fine-tuning, ensuring high-accuracy domain adaptation with 
minimal manual effort. Concept adapted from [32].
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StarDist are highly effective at segmenting samples with 
high morphological variance, offering a clear parallel to the 
diverse morphological characteristics of leukocyte popula-
tions. The workflow is exceptionally practical for laboratory 
applications due to its minimal data requirements; approxi-
mately 300 annotated cells are sufficient for effective model 
adaptation. The  performance improvements enabled by 
CSRefiner are substantial: in the case of the StarDist algo-
rithm, the F1-score, defined as the harmonic mean of preci-
sion and recall, increased from 0.42 to 0.87, while the over-
all processing speed was enhanced by a factor of 36 [34].

In another approach, data augmentation can be achieved 
by generating synthetic samples (e.g., through mixup-type 
and graph-based techniques). This is particularly useful in 
cases such as cancer cells, where certain subpopulations 
may appear in atypical proportions within the tissue [35]. 
While such model-based approaches aim to improve gen-
eralization, CSRefiner primarily operates on the data 
side, adapting to the specific tissue and image quality 
through targeted, small-scale fine-tuning. Together, these 
approaches illustrate that performance gains often arise 
not from a single new architecture but from the combina-
tion of architectural innovations and fine-tuning strategies.

One of the most important practical advantages of 
CSRefiner is the drastic reduction in annotation cost. 
Compared to full manual annotation of entire samples, 
annotating targeted regions is orders of magnitude faster 
while still being sufficient for effective model adaptation. 
This makes fine-tuning truly practical in laboratory set-
tings, where model performance is ultimately evaluated 
based on the quality of biological conclusions.

7 Summary
In the field of bioimage processing, particularly in cell seg-
mentation and cell tracking, a significant methodological 
transformation has taken place over the past decade. This 
shift has been driven by the rise of deep learning meth-
ods, the emergence of standardized data formats, and the 
development of community-based evaluation frameworks. 

Compared to earlier heuristic-based approaches, train-
able models provide greater robustness and generalizabil-
ity; however, they are strongly data-dependent, which has 
brought increased attention to the importance of standard-
ized data handling and annotation.

Initiatives such as the cell tracking challenge have 
enabled objective comparison of algorithms through uni-
fied datasets and evaluation metrics and have laid the foun-
dation for the creation of large-scale annotated databases.

In current trends, both the development of model archi-
tectures (e.g., data augmentation strategies) and data-cen-
tric approaches (e.g., fine-tuning and targeted annota-
tion) play a decisive role. From a practical perspective, the 
emergence of user-friendly tools and human-in-the-loop 
approaches is particularly important, as they enable itera-
tive model improvement. Together, these elements form an 
integrated ecosystem in which deep learning can be effec-
tively applied in biological research and clinical practice. 
Overall, the field is moving toward integrated workflows 
in which standardized data formats, shared benchmarks, 
pretrained models, targeted annotation, and human-in-
the-loop fine-tuning jointly support more reproducible and 
biologically reliable bioimage analysis.
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