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A B S T R A C T

Cell segmentation is essential in biomedical research for analyzing cellular morphology and behavior. Deep
learning methods, particularly convolutional neural networks (CNNs), have revolutionized cell segmentation by
extracting intricate features from images. However, the robustness of these methods under microscope optical
aberrations remains a critical challenge. This study evaluates cell image segmentation models under optical
aberrations from fluorescence and bright field microscopy. By simulating different types of aberrations, including
astigmatism, coma, spherical aberration, trefoil, and mixed aberrations, we conduct a thorough evaluation of
various cell instance segmentation models using the DynamicNuclearNet (DNN) and LIVECell datasets, repre-
senting fluorescence and bright field microscopy cell datasets, respectively. We train and test several segmen-
tation models, including the Otsu threshold method and Mask R-CNN with different network heads (FPN, C3) and
backbones (ResNet, VGG, Swin Transformer), under aberrated conditions. Additionally, we provide usage rec-
ommendations for the Cellpose 2.0 Toolbox on complex cell degradation images. The results indicate that the
combination of FPN and SwinS demonstrates superior robustness in handling simple cell images affected by
minor aberrations. In contrast, Cellpose 2.0 proves effective for complex cell images under similar conditions.
Furthermore, we innovatively propose the Point Spread Function Image Label Classification Model (PLCM). This
model can quickly and accurately identify aberration types and amplitudes from PSF images, assisting re-
searchers without optical training. Through PLCM, researchers can better apply our proposed cell segmentation
guidelines. This study aims to provide guidance for the effective utilization of cell segmentation models in the
presence of minor optical aberrations and pave the way for future research directions.

1. Introduction

Cell imaging plays a critical role in the biological sciences, enabling
researchers to visualize and analyze the complex structures and func-
tions of cells with high precision. Among the various imaging modalities
available, fluorescence microscopy and bright field microscopy are the
most widely used techniques. Fluorescent microscopes and bright field
microscopes are both essential techniques in cell imaging, each with

distinct advantages and limitations. The bright field microscopes are the
most popular and widely used of all microscopes [1] due to their
simplicity and the ability to use unstained images, which preserves cell
integrity and allows for morphology-based classification without the
complications of fluorescent markers, such as cytotoxicity and nonspe-
cific labeling [2]. One of the main applications for bright field micro-
scopy is classifying and counting distinct cell lineages, including
SH-SY5Y, Huh7, and A549 cells, demonstrating its versatility in
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imaging different cell types [3]. Furthermore, high-contrast brightfield
microscopy was specifically used to count HEK293 and primary human
dermal fibroblast cells, showcasing its effectiveness in noninvasive cell
proliferation assays [4]. Conversely, fluorescent microscopes excel in
visualizing specific cellular structures through differential staining,
which is crucial for detailed cellular analysis. Such advantages make
fluorescence microscopes play a vital role in cell nucleus research,
providing a variety of advanced imaging features essential for cell nu-
cleus research. For instance, fluorescence microscopy allows researchers
to explore the architecture of the cell nucleus, revealing how dynamic
structures such as chromatin and nuclear bodies influence protein dy-
namics and interactions within the nucleoplasm. Additionally, fluores-
cence microscopy enables the observation of molecular interactions in
real-time, offering a powerful approach to studying protein localiza-
tion and interactions under physiological conditions. Whether using
bright field microscopy for sorting and counting cell lineages or fluo-
rescence microscopy for nuclear physiological studies, cell segmentation
always plays an integral role.

Cell segmentation, which means determining cell boundaries in
images, is an important prerequisite in modern biomedical research.
However, such work generally requires experimenters to comprehen-
sively observe all cells in a specific area for classification, counting, and
analysis to obtain statistically significant conclusions [5–7]. This is
tedious, time-consuming, and error-prone when conducted completely
manually by pathologists. Fortunately, the increasing utilization of deep
learning in medical image processing partly solves these problems.
Neural networks can extract deeper local characteristics and relation-
ships of the cell shapes, placing them at the forefront of cell segmenta-
tion algorithm research [8]. Deep learning methods in cell segmentation
are mainly based on convolutional neural networks (CNNs) [9]. CNNs
enable the network to extract low-level features and advanced semantic
features from multiple scales [10–12]. In recent years, Transformers
[13] and Attention models [14] have also shown their potential in this
area. Deep learning methods have become the trend in cell segmentation
research.

For biological and medical researchers, there are already many al-
gorithms that can help them solve cell image processing problems
[15–17]. However, researchers may not have a full understanding of
which algorithm is most suitable for their tasks [18,19]. This is due to
the presence of artifacts in cell images that occur during cell collection,
as a result of misconfiguration of the microscope and improper opera-
tion of the researcher [19]. For bright field microscopy and fluorescence
microscopy, there are three main types of common aberrations present
during cellular imaging. The first type is the aberration of the micro-
scopic imaging instrument itself, which is caused by non-ideal optical
components and minor optical path adjustment errors and is mainly in
the form of low-order coma, astigmatism, and trefoil error. The second
type is an aberration caused by the mismatch between the refractive
index of the microscopic objective lens and the biological sample, which
is mainly in the form of low-order spherical aberration with amplitude
proportional to the imaging depth. The third type is the aberration
caused by the uneven refractive index inside the sample, where the
wavefront is distorted by the highly complex biological and optical
environment. The fourth type is grid distortion, which occurs primarily
in large field of view (FOV) imaging. As the FOV increases, optical
systems often experience geometric distortions, causing originally
straight lines or grids to appear curved or warped. This type of aberra-
tion is particularly challenging in applications requiring high precision
across wide areas of the sample. Both the third and fourth types are
classified as mixed aberrations because they involve multiple sources of
distortion that interact in complex ways. The uneven refractive index
and the large FOV not only introduce distinct types of wavefront aber-
rations but also exacerbate each other, leading to a compounded effect
that is difficult to correct with standard optical methods [20,21]. Those
aberrations can severely impact the segmentation quality and accuracy
of cell images captured by bright field microscopy and fluorescence

microscopy. For instance, spherical aberration can cause blurring of cell
edges, making it difficult to accurately classify and count cell lineages,
where precise cell boundary detection is essential for tasks such as
determining cell size and morphology [22]. Astigmatism can further
distort cell shapes, leading to errors in lineage assignment and tracking
[23]. Coma aberration can result in the misalignment of fluorescent
signals from different channels, thereby distorting the localization of
nuclear markers and leading to inaccurate physiological studies, such as
in the analysis of protein expression or cellular interactions. These
segmentation inaccuracies can lead to significant errors in downstream
analyses, such as incorrect quantification of cell populations, misinter-
pretation of cellular states, and unreliable results in studies requiring
precise spatial resolution, ultimately compromising the validity of
experimental outcomes [24].

Aberrations in bright field microscopy and fluorescence microscopy
can be partly solved by delicate hardware design or software correc-
tions. Hardware solutions, mainly entail choosing perfectly matched
objectives (water or glycerol lens with certain focal length and numer-
ical aperture, etc.), use of apochromatic lenses (chromatically corrected
for multiple wavelengths) [25], or use of the wavefront detector and an
adaptive lens [26]. Such strategies, however, need a comprehensive
understanding of the experimental tasks and the whole optical system
[27], which is sometimes overlooked. Moreover, the cost of extra
hardware necessary to correct all the aberrations can be prohibitive or
hard to justify when the associated image quality improvements are
minor. Another choice is the deep learning method [28]. It can learn the
aberration patterns using actual calibrated images or synthetic images
[29]. Still, like the segmentation models, these methods also depend on
the datasets, and a neural network that can help solve all kinds of ab-
errations is still under investigation. All in all, researchers are often
hesitant to use cell instance segmentation algorithms directly for image
segmentation when hardware and software methods are limited.
Therefore, it is important to benchmark the robustness of cell image
segmentation models under different optical aberrations and provide
guidelines for their use in cell instance segmentation. The proposed
guideline will inform researchers in what cases they can directly use the
cell instance segmentation algorithm to segment aberration degraded
images without spendingmore time andmoney to eliminate aberrations,
and how to select the most appropriate cell segmentation model for
different aberration degraded images. In addition, considering that cell
morphologies used in bright field microscopy and fluorescence micro-
scopy imaging tasks is not the same, and that different cell morphologies
may also have an impact on the selection of segmentation models, the
guideline will also give recommendations on the selection of cell seg-
mentation models for different microscopy imaging techniques and cell
morphologies. By referring to the proposed guideline for cell segmen-
tation studies, researchers will reduce the impact of aberration degra-
dation on the quality and accuracy of cell segmentation.

In bright field microscopy and fluorescence microscopy, image
quality and aberration are usually characterized by their point spread
function (PSF). Researchers can obtain the PSF image of the microscope
system by using fluorescent microspheres with diameters ranging from
20 to 200 nanometers as point light sources [30]. Based on the types of
aberrations displayed in the PSF images and referring to our proposed
usage guidelines, researchers can reasonably apply different cell seg-
mentation algorithms to address various aberrated cell images. How-
ever, considering that not all microscope users have undergone rigorous
optical training to identify aberration types and that PSF images of
different aberration types can be difficult to distinguish visually under
small amplitudes, we propose a model called the Point Spread Function
Image Label Classification Model (PLCM). PLCM can quickly and accu-
rately assist researchers in identifying the types and amplitudes of ab-
errations from PSF images, thus enabling better utilization of our
proposed cell segmentation guidelines under various aberrations.
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2. Results

2.1. Aberration-degraded cell image analysis

To make our proposed guideline have wider applicability, we
compared common publicly available cell datasets captured by fluo-
rescence microscopy and bright field microscopy, respectively, and
selected two representative datasets from them, i.e., the DNN dataset
and the LIVECell dataset, which comprise the overall dataset we used
(see Supporting Information for details). In terms of cell morphology,
cells in the DNN dataset have similar characteristics to the pixel features
of the neighboring cells, with the same shape, and are separated from
each other in the image with clear edges and less interference between
cells. These properties enable cell instance segmentation algorithms to
more easily distinguish and segment each cell, which are usually
considered as simple cell images [31]. In contrast, cells in the LIVECell
dataset are usually characterized by inconsistent morphological attri-
butes, uniform appearance, and tightly connected cells with blurred
edges, or cells overlapping each other. These factors make cell instance
segmentation more difficult because the algorithms need to deal with
more blurred and interfering information, which is usually considered
complex cell images [32]. By categorizing the cell morphology, we can
select suitable cell instance segmentation algorithms for different mor-
phologies of the image. It is important to note that the algorithm tested is
selected based on cellular morphology rather than the device used to
capture the cells (see Supporting Information for details).

After specifying the overall dataset, we introduced various types and
degrees of aberrations to the images, resulting in multiple forms of
simulated aberration-degraded image test sets. The detailed process is
shown in Fig. 1. Given the optical parameters of the microscope and the
amplitudes of Zernike polynomials, various PSFs were generated to
represent different aberrations. These PSFs were then convolved with
the unaberrated cell images, resulting in degraded images with different
aberrations.

From Fig. 2a, we observed that as the aberration amplitudes in-
crease, distinct differences emerge among PSF images corresponding to
different aberration types. Astigmatism results in elliptical PSF images,
Coma forms "teardrop" shapes, Spherical aberration diffuse images with
ring-like structures, and Trefoil in PSF images is shown as three main
"lobes". These differences are also reflected in cell images, with each
aberration type exhibiting distinct degradation patterns. Fig. 2b further
analyzes PSF images with mixed aberrations, showing that as the
number of orders increases, PSF kernel size and differences between PSF

images also increase. However, differences among cell images with
mixed aberrations are not significant, posing challenges for visual
distinction.

In Fig. 3, we conducted a numerical analysis using PSNR, SSIM, and
correlation coefficient as similarity metrics to validate the experimental
results presented in Fig. 2 and to evaluate whether different cell mor-
phologies would yield similar results. Fig. 3 demonstrates that as the
severity of aberrations increases, the similarity between these cell im-
ages gradually decreases, and the differences become more pronounced.
In the evaluation of single aberrated cell images, we observed a signif-
icant trend: when aberrations are small, all three metrics show a sharp
decline, but when the aberration amplitude exceeds 0.4, these metrics
tend to stabilize. The evaluation results of mixed aberrated cell images
indicate that changing the order of Zernike polynomials has a certain
impact on the similarity metrics between cell images, but these effects
are not significant. Additionally, these results are consistent across
datasets with different cell morphologies, suggesting that our evaluation
method is transferable across various cell datasets.

To further validate and investigate the results, we simulated the
optical transfer function (OTF) under various aberrations using the op-
tical parameters of the microscope system and Zernike polynomials (see
Materials and methods for detail). By taking the magnitude of the OTF,
we obtained the modulation transfer function (MTF), which measures
the contrast transmission capability of the optical system at different
spatial frequencies. The MTF is commonly used for analyzing and
evaluating the imaging quality of the system. As an example, we have
illustrated the MTF of the optical system under different aberrations
using the DNN dataset in Fig. 4.

From Fig. 4a, we can observe that when the aberration magnitude is
small, the MTF curve shows a gradual decrease in the spatial frequency
response, but the high-frequency part (which represents the details in
the image) is still well preserved, and the difference in the MTF curves
between different aberration species is not significant. This means that
the PSF is still effective in maintaining high spatial frequencies, resulting
in a very limited quality degradation of the aberration image, and there
is no significant difference between the degraded images of different
aberration species. As the aberration magnitude increases, there is a
rapid degradation of the spatial frequency response, especially in the
high spatial frequency part. This leads to a significant reduction in the
quality of image details, which triggers a more pronounced image
degradation effect. At this point, the differences in the MTF curves at
different aberrations become more pronounced, corresponding to the
increasing effect of aberration on image quality. This implies that the

Fig. 1. The process diagram for generating an aberrated cell image dataset by inputting microscopic parameters and Zernike polynomials information.
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PSF is more diffuse and affects a wider frequency range. Fig. 4b shows
that the MTF curves do not show significant differences between
different orders of Zernike polynomials in the mixed aberration case
using Gaussian sampling to simulate a realistic scene. The MTFs are
relatively consistent, and the differences in spatial frequency response
are small, which is consistent with the observed image degradation
differences between the different orders of Zernike polynomials. This
corresponds to the observation that there is little difference in image
degradation at different Zernike polynomial orders.

2.2. Network heads and network backbones robustness evaluation

Cell images with different or similar pixel features to neighboring
cells are described as simple cell images, and segmentation tasks for such
images are very common in cell segmentation. When tackling instance
segmentation tasks on simple cellular images, researchers often opt for
various combinations of network heads and network backbones. They
then proceed to fine-tune the parameters on their cell datasets to
establish these models as state-of-the-art within their respective data-
sets. Therefore, testing the robustness of bounding box recognition and
the suitability of a selected backbone for a given network head is
necessary. In this section, we take Mask R-CNN as the framework and
use the convenience brought by its modular structure to replace
different network heads for bounding box recognition and backbone to
test its prediction performance on different aberration-degraded DNN
datasets. We report average precision (AP) as our metric for instance
segmentation [33].

We employed ResNet50 as the backbone and varied network heads
(FPN [34] and C3 [35]) for bounding box recognition in constructing
Mask R-CNN models. FPN, the Feature Pyramid Network, integrates
features across multiple scales via a top-down pathway with lateral

connections, while C3 extracts features from the final convolutional
layer of the 3rd stage. Training details are outlined in the Materials and
Methods section. Testing on the DNN test set with different aberration
degradations revealed the superior performance of FPN over C3, as
shown in Supporting Information Table S5 and Fig. 5a. FPN’s integra-
tion of bottom-up feature extraction, top-down feature propagation, and
lateral connections facilitated better utilization of hierarchical infor-
mation, outperforming C3 across various aberration types and ampli-
tudes. Furthermore, we observed that both C3 and FPN exhibit higher
similarity in AP values on Astigmatism, Coma, Spherical, and Trefoil
aberrations. This indicates that altering aberration types while main-
taining amplitude does not significantly affect AP values. The perfor-
mance of FPN and C3 on mixed aberration degraded images is depicted
in Fig. 5b, where FPN surpasses C3 under the influence of various mixed
aberrations. FPN achieves an AP value exceeding 35 in the case of 4–6
orders of Zernike polynomials, while accuracy declines in other sce-
narios. It is noteworthy that as the orders of Zernike polynomials in-
crease from 4–8 to 4–18, both FPN and C3 exhibit an upward trend in
predicted values, which seems to contradict the relatively insignificant
differences observed among cell images with different mixed aberra-
tions, as depicted in Fig. 2b. However, we observed that the difference in
AP values does not exceed 0.7 in the cases of 4–8, 4–13, and 4–18 orders
of Zernike polynomials. Hence, we can infer that FPN and C3 yield
nearly identical prediction results on degraded images with the latter
three orders of Zernike polynomials.

We selected FPN as the network head for bounding box recognition
and tested the performance of various backbone networks (ResNet50
[36], ResNet101, VGG19 [37], SwinT [38], SwinS). Additionally, we
included the Otsu threshold method (Otsu) [39], a traditional cell seg-
mentation approach, as a baseline for comparison. AP results for
different backbones are presented in Supporting Information Table S6.

Fig. 2. Aberration-degraded cell image analysis. a-b, The PSF images with various aberrations and their corresponding BT474 cell images from the LIVECell dataset.
(a) Single aberrations. (b) Mixed aberrations.

B. Peng et al. Computational and Structural Biotechnology Journal 26 (2024) 23–39 

26 



In Fig. 6, we observed that Swin transformer architecture, particularly
SwinS (96 M), exhibited the highest predictive performance when the
amplitude ranges from 0 to 2. As amplitude increased, Otsu, ResNet, and
Swin transformer architectures experienced a decline in predictive
performance, with VGG19 displaying greater stability.

Fig. 6 also illustrates the performance of different backbones under

mixed aberrations. While altering the orders of Zernike polynomials
minimally affected backbone performance, aligning with our earlier
conclusion on the insignificance of differences between cell images with
mixed aberrations, SwinS consistently outperformed other backbones in
mixed aberrated image evaluation.

Fig. 7 shows the performance of the traditional Otsu algorithm for

Fig. 3. The trends of PSNR, SSIM, and correlation coefficient values with respect to amplitude variations among different types of single aberration cell images. And
the changes in PSNR, SSIM, and correlation coefficient values across various orders of Zernike aberration cell images.
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cell segmentation under different aberrations. The results clearly show
that the Otsu algorithm can not achieve effective cell segmentation in
either single aberrated cell image or mixed aberrated cell image. Under
different amplitudes and different orders, it is difficult for the algorithm
to distinguish the cell boundary from the background. These findings
highlight the shortcomings of the algorithm when dealing with

aberrated imaging conditions, highlighting the need for more powerful
deep-learning segmentation techniques in such situations.

In Fig. 8a, we observed that SwinS consistently delineated cell
boundaries accurately, while ResNet101 and VGG19 occasionally miss
segmented boundaries, particularly as amplitude increased. However,
SwinS also faced challenges with increased degradation, with a notable

Fig. 4. Modulation Transfer Function (MTF) curves illustrating the effects of varying aberration magnitudes and Zernike polynomial orders. (a) MTF curves for
different aberration magnitudes. (b) MTF curves for different orders of Zernike polynomials under mixed aberration conditions.
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decrease in cell detection rates. Consequently, VGG19 outperformed
SwinS in mean average precision under extreme degradation conditions.
Fig. 8b, exemplified by ResNet101, VGG19, and SwinS, showcases pre-
diction performance on mixed aberration degraded images. SwinS
demonstrated accurate and complete cell segmentation, whereas
ResNet101 and VGG19 exhibited incomplete segmentation, edge miss
segmentation, and cell overlap. Therefore, for straightforward cell im-
ages with mixed aberrations, SwinS is recommended as the backbone for
segmentation, eliminating the need for additional aberration correction

efforts.
Therefore, for both single and mixed aberration cell images, we

strongly recommend using the FPN+Swin Transformer architecture to
build a deep learning network for cell segmentation tasks. Furthermore,
when degradation is more severe, optical equipment or post-processing
methods should be considered to eliminate aberrations. Furthermore,
due to the degradation in image quality caused by aberrations, the
segmentation task becomes more complex, necessitating more powerful
feature extraction capabilities to ensure segmentation accuracy. We

Fig. 5. The test results of AP values for C3 and FPN on aberration-degraded images of the DNN dataset. (a) Single aberrations. (b) Mixed aberration.
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recommend that users should have at least a GPU with 12 GB or more
VRAM, such as the NVIDIA RTX 3080 or higher models, or utilize high-
performance computing instances available on cloud platforms to
effectively run these models. In the Supporting Information, we discuss
the specific computational costs of the aforementioned network heads
and network backbones and provide constructive suggestions to help
minimize these costs.

2.3. Cellpose2.0 Toolbox robustness evaluation

Cell instance segmentation algorithms aim to partition cell images
into individual cell instances. This can be challenging due to various
factors such as inconsistent morphological properties, homogeneous
appearances, and tightly crowded cells. These complexities make
traditional segmentation algorithms less effective and often require

Fig. 6. The segmentation performance of different backbones under single and mixed aberrations, using the DNN dataset.

Fig. 7. The predictive performance of the Otsu algorithm using aberrated DNN image as an example.
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Fig. 8. The predictive performance of ResNet101, VGG19, and SwinS. (a) Using the single aberrated (Astigmatism) DNN image as an example. (b) Using the mixed
aberrated DNN image as an example.
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manual intervention for accurate results. Deep learning toolboxes like
Cellpose2.0 [40] offer significant advantages over traditional segmen-
tation algorithms for handling complex cell images, including improved
accuracy, scalability, adaptability, and user-friendliness. Therefore, it is
essential to conduct robustness testing of the segmentation performance
of Cellpose2.0, the most representative and widely used deep learning
toolbox for complex cell segmentation, under various aberrations and
for different cell morphologies.

We utilized the live-cell model weights of Cellpose2.0 for testing and
selected the anchor-free model from the LIVECell dataset as the baseline,
assessing instance segmentation using AP50 and AP75 metrics. Sup-
porting Information Table S7 presents predictive values for single-class
aberrated images, indicating that changing the aberration type under
the same amplitude insignificantly affects prediction results, across
eight different morphological cell images. In Fig. 9, we observed that
Cellpose2.0 exhibited excellent segmentation performance with ampli-
tudes up to 0.2, accurately predicting cell contours and segmented re-
gions. However, increased amplitude significantly impacted
segmentation performance, leading to incorrect predictions and seg-
mentation failures under extreme degradation. Consequently, for com-
plex cell image segmentation, we recommend using Cellpose2.0 directly

without aberration elimination, provided that the aberration amplitude
is minor.

In experiments using AP50, Cellpose2.0 showed similar performance
to the anchor-free model in SkBr3 and SKOV3 cell types but trailed
behind in the other six types. Taking the BV2 cell with the largest dif-
ference for example, although the Cellpose2.0 AP50 value lagged behind
the anchor-free model by approximately 23, it still reached 59, indi-
cating 3that the Cellpose2.0 AP50 value is still within an acceptable
range. With AP75, Cellpose2.0 outperformed the anchor-free model in
all types except SkBr3, suggesting its suitability for complex cell image
segmentation, particularly when using AP75. The results are shown in
Fig. 10a. Further analysis in Fig. 10b reveals the performance of Cell-
pose2.0 variations across different cell types under Astigmatism aber-
ration, where SkBr3 and SKOV3 cells exhibit the best results and
SHSY5Y cells show the poorest performance.

Supporting Information Table S8 presents predictive values for
mixed aberrated images. Across all 8 classes of cell images, Cellpose2.0
performs consistently under mixed aberrations with different orders of
Zernike polynomials, with minimal differences in AP50 (not exceeding
10) and AP75 (not exceeding 8). However, significant performance
discrepancies exist across different cell types, with Cellpose2.0

Fig. 9. The performance of Cellpose2.0 under varying amplitudes (AP50, A172 cell, Astigmatism aberration).
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demonstrating good segmentation performance only on BV2 and SkBr3
cells. In Fig. 11a, Cellpose2.0 effectively identifies and segments most
cells in SkBr3 images, but it struggles with A172 images, segmenting
only a few cells accurately and rendering it unusable in such cases.
Fig. 11b presents that Cellpose2.0 achieves satisfactory results only for
BV2 and SkBr3 cells, with AP50 values below 30 and AP75 values below
15 for other cell types. The usability of Cellpose2.0 is limited to BV2 and
SkBr3 cell types under mixed aberrations.

2.4. Point spread function image label classification model (PLCM)

This model learns image features from PSF images and uses them to
predict three labels: category, aberration types, and amplitude. The
category includes single aberration and mixed aberration.

The proposed PLCM model can effectively learn aberration features
from PSF images in an end-to-end manner. The model consists of two
parts: (1) image feature learning component and (2) three classification
heads for different labels. The first part is composed of a CNN network,
which can automatically learn features from PSF images. The second
part consists of three classifiers, each with its cross-entropy loss, which
can evaluate the prediction accuracy of the model for different types of
labels. By replacing the CNN model in the feature extraction module
with popular feature learning models such as MobileNet [41], Effi-
cientNet [42], SqueezeNet [43], and DenseNet [44], and conducting
training and testing experiments on the PSF image dataset, we aim to
find the most suitable model for PSF image feature extraction tasks (see
Materials and Methods for details for training and testing experiments).

The results presented in Table 1 demonstrate that DenseNet achieves
the highest prediction accuracy and precision in terms of Category and

Aberration Type, while MobileNet demonstrates excellent prediction
performance in Amplitude. SqueezeNet, on the other hand, has the least
training parameters and computational overhead, resulting in the
poorest prediction performance. It should be noted that the difference in
prediction performance between MobileNet, EfficientNet, and DenseNet
is not significant. However, MobileNet has the least training parameters
among the three. Additionally, as MobileNet is a lightweight network
specifically designed for mobile and embedded devices, its core feature
is the use of depthwise separable convolution. This convolution method
significantly reduces computation and the number of parameters
compared to traditional convolution, making it more friendly to re-
searchers with limited computational resources. In summary, we choose
MobileNet as the feature extraction module, and the architecture of
PLCM is illustrated in Materials and Methods.

The confusion matrices shown in Fig. 12 provide a comprehensive
evaluation of the classification performance of the PLCM classifier
across three labels: Category, Aberration Type, and Amplitude. Fig. 12b
illustrates that the amplitude prediction accuracy is notably high, with
PLCM effectively distinguishing between various amplitude levels.
Fig. 12c reveals that when the amplitude is between 0.1 and 0.2, there is
significant confusion among the four types of single aberra-
tions—Astigmatism, Coma, Spherical, and Trefoil—indicating chal-
lenges in differentiating these aberrations under intermediate amplitude
conditions. Additionally, Fig. 12c shows that at amplitudes below 0.1,
single aberration types frequently overlap with the mixed aberration
category, particularly the 4–6 mixed aberration type, leading to
increased misclassification between single and mixed aberrations. This
phenomenon highlights the difficulty PLCM experiences in distinguish-
ing between these categories at low amplitudes. Meanwhile, Fig. 12

Fig. 10. Cellpose2.0 toolbox robustness evaluation of single aberrations, taking Astigmatism aberration as an example. (a) AP50 and AP75 value (amplitude: 0.2) (b)
The trend of changes in AP50 and AP75 values as the amplitude varies.
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demonstrates that outside these specified ranges, PLCM maintains high
accuracy, effectively distinguishing between categories, aberration
types, and amplitudes. Overall, these matrices underscore the strengths
of PLCM in specific conditions and reveal areas for improvement,
particularly in handling low amplitude cases and distinguishing between
similar aberration types.

3. Discussion

3.1. Aberrated cell images

Fig. 2 suggests that differences between cell images with various
aberrations are insignificant when aberration amplitudes are minor.
However, as amplitudes increase, differences become more pronounced.
This is attributed to the effective kernel size in the PSF image during

Fig. 11. Cellpose2.0 toolbox robustness evaluation of mixed aberrations, taking 4–8 orders aberration as an example. (a) The segmentation performance of Cell-
pose2.0 on SkBr3 and A172 cell images. (b) AP50 and AP75 values across the 8 classes of cell images.

Table 1
Performance comparison of PLCM models composed of different CNN networks.

Category Aberration Type Amplitude

Model Accuracy Precision Accuracy Precision Accuracy Precision Parameters

MobileNet 63.28 % 86.27 % 55.84 % 83.93 % 58.77 % 81.90 % 2227715
EfficientNet 61.74 % 81.50 % 55.22 % 80.28 % 57.81 % 80.04 % 4011391
DenseNet 63.96 % 89.98 % 58.47 % 85.36 % 58.23 % 81.75 % 6956931
SqueezeNet 48.40 % 72.87 % 41.63 % 69.57 % 47.28 % 71.59 % 736963
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convolution, representing the portion truly affecting image degradation
(central region in Fig. 2a). When amplitudes are below 0.2, effective
kernel sizes remain largely unchanged, resulting in similar outcomes
across aberrations. Yet, as amplitudes rise, effective kernel sizes diver-
sify, leading to varied degradation effects. This conclusion is also vali-
dated in the experiment with mixed aberrations shown in Fig. 2b.
Although the orders increase continuously, the Zernike polynomial or-
ders at extreme amplitudes are relatively small due to the use of
Gaussian sampling to simulate real-world scenarios. Therefore, there are
no significant changes in the size and morphology of the effective kernel
parts of the PSF image, leading to minor differences between cell images
degraded with mixed aberrations of different orders of Zernike poly-
nomials. The MTF curve in Fig. 4 also verifies the above view from the
perspective of quantitative analysis. When the effective kernel is small,
the difference in spatial frequency response is small. When the effective
kernel increases with the amplitude, the spatial frequency response
decreases rapidly, especially in the high spatial frequency part, at this
time, the degradation effects of different types become more obvious.

3.2. Network heads and network backbones

Both C3 and FPN demonstrate comparable performance across
single-class and mixed aberrated images, owing to their focus on multi-
scale feature extraction, cascaded strategy for accuracy enhancement,
and utilization of data augmentation techniques during training. FPN’s
multi-scale feature pyramid enhances semantic information capture
from images at varying scales, contributing to its superior performance.

Network backbones such as ResNet, VGG, and Swin Transformer ar-
chitectures exhibit strong feature extraction capabilities, resulting in
similar segmentation performance across aberrated images. The Swin
Transformer, with its self-attention mechanism and multi-scale feature
fusion, excels in cell image segmentation by capturing global cell cor-
relation and comprehensively understanding image structures. Particu-
larly, SwinS achieves the best segmentation performance in aberration-
degraded cell images due to its larger training parameters. Therefore, a
combination of FPN and SwinS is recommended for segmentation tasks
on aberration-degraded simple cell images.

3.3. Cellpose2.0 toolbox

Cellpose2.0 demonstrates satisfactory performance in single-class
aberrated image segmentation tasks on complex cell images due to its
dynamic merging and segmentation strategy. This strategy handles
overlaps and contacts between cells better, resulting in more accurate
segmentation results. Additionally, Cellpose2.0 can handle multi-
channel cell images and be applied to different cell types, making it
more versatile, as demonstrated in experiments on single-class aberrated
images of 8 tested cell types. In more complex and challenging mixed
aberrated image segmentation tasks, Cellpose2.0 exhibits significantly
different segmentation performance across different cell morphologies.
When dealing with round-shaped cells (such as BV2 and SkBr3 cells),
Cellpose2.0 shows better segmentation results. This is attributed to its
deep learning model’s ability to adaptively adjust segmentation size
based on cell size and shape, thereby accommodating the morphological

Fig. 12. Confusion matrices for the PLCM classifier.
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characteristics of round cells better. Additionally, the self-attention
mechanism of Cellpose2.0 allows the network to capture spatial re-
lationships globally, aiding in better understanding the correlations
between round cells.

3.4. PLCM method

The reasons for PLCM to choose MobileNet as the feature extraction
module mainly include the following points. 1) MobileNet, as a feature
extractor, achieves a good balance between efficiency and performance.
Its depthwise separable convolution structure effectively reduces the
number of parameters and computations, thereby speeding up the
training and inference speed of the model without significantly reducing
accuracy. 2) Although EfficientNet and DenseNet perform similarly to
MobileNet in terms of accuracy, their complex compound scaling stra-
tegies and higher computational requirements make them less practical
than MobileNet in resource-constrained environments. 3) Compared to
SqueezeNet, despite SqueezeNet also aiming to reduce the number of
parameters, its compression strategy may not perform as stably as
MobileNet in some complex tasks, especially in multi-task learning. In
summary, the PLCM constructed with MobileNet as the feature extrac-
tion network demonstrates good performance and relatively low
computational overhead in PSF image multi-label classification tasks.

Analysis of the PLCM confusion matrices highlights two key issues.
First, at low amplitudes, PLCM frequently misclassifies aberration types
because the features of single aberrations and the 4–6 orders of mixed
aberrations are very similar. This similarity leads to increased misclas-
sification. Second, although misclassifications at low amplitudes do not
affect the usability of the guidelines—since the robustness of the model
remains consistent across low amplitude single aberrations and 4–6
orders of mixed aberrations—future work should address this issue to
prevent potential confusion for users.

4. Conclusion

This paper reports on evaluating the robustness of cell instance
segmentation models under various optical aberrations in fluorescence
and bright field microscopy images. When using fluorescence micro-
scopy or bright field microscopy, if the cells you are capturing exhibit
pixel features similar to neighboring cells, we recommend establishing
your segmentation model based on a combination of FPN and SwinS
architectures and fine-tuning the model on your dataset to achieve
effective cell image segmentation in the presence of such aberrations. In
this scenario, the specific type of aberration introduced may not need to
be explicitly considered, provided that if single aberrations are present
in the images, they should be within a minor magnitude amplitude (i.e.,
amplitude ≤ 0.2). For cells with inconsistent morphological character-
istics, uniform appearance, and tightly enclosed features, when con-
ducting segmentation tasks on such aberrated cell images, it is advisable
to use the Cellpose2.0 Toolbox directly if single aberrations are intro-
duced, under the condition of minor magnitude amplitude. If mixed
aberrations are introduced, ensure that the cell images you are capturing
have pixel characteristics similar to BV2 and SkBr3 cells before using the
Cellpose2.0 Toolbox directly. We also proposed a Point Spread Function
Image Label Classification Model (PLCM) that utilizes MobileNet as the
feature extraction module, achieving recognition of PSF image labels,
including Category, Aberration Type, and Amplitude, with relatively
low computational overhead. This enhances the applicability of our
proposed guidelines, making them more accessible to researchers who
may not have access to systematic optical training. As a result, they can
better utilize our guidelines.

This study also has several limitations and areas for future
improvement. While the study focused on four main types of single
aberrations—Astigmatism, Coma, Spherical, and Trefoil—future work
should explore other aberration types such as Defocus. The research also
tested only mainstream network heads, backbones, and cell

segmentation toolboxes, indicating that broader testing of various
models and toolboxes is needed. Furthermore, the PLCM model shows
confusion among aberration types with similar features at low ampli-
tudes, highlighting the need for more advanced classification models as
deep learning technology progresses. Overall, future research should
aim to develop more adaptive, accurate, and usable guidelines for cell
segmentation models under aberrated images to assist researchers in the
biological field with deep learning techniques for cell image analysis.

5. Materials and methods

5.1. Aberration simulation

According to previous research on simulating aberration-degraded
images [45], PSF can be generated by Zernike polynomial equation
simulation, and this generation method is based on the optical param-
eters of the microscope. The simulated aberration-degraded image
dataset is useful for the training, validation, and testing of deep learning
models. Therefore, the testing data for cell segmentation models
compared in this study is generated by the above simulation process
based on DNN and LIVECell datasets. Specifically, the optical imaging
model for simulating aberration degradation image generation can be
expressed as:

Isynth = S ∗ PSFzernike

where Isynth refers to simulated aberration-degraded images. S is the
biological image acquired by microscope, which in this study refers to
images from DNN and LIVECell datasets. * indicates a convolution
operation. PSFzernike represents the point spread function with aberra-
tion, where PSFzernike is generated by Zernike polynomial equation
simulation. The equation can be expressed as:

F− 1(pe2πiφn/λ− if(m))

where F− 1 denotes the 2D Fourier transform, p is the amplitude of the
pupil function, which is determined by detection numerical aperture
(NA) and pupil coordinates. Since attenuation of amplitude is not
considered in this study, we set p= 1. λ as the wavelength. f(m) refers to
the part of the pupil equation determined by the refractive index of the
immersion medium. φn refers to the wavefront aberration, which is
constructed by Zernike polynomials 4–18 (Wyant ordering), and it can
be expressed as:

φn =
∑

n
anZn

where Zn and an represent Zernike polynomials and amplitudes of order
n.

Fig. 13 shows the PSF image generation process. We assign different
amplitudes to different terms of the Zernike polynomials and combine
them to simulate the wavefront aberration. By combining the above
wavefront aberration with the amplitude function of the optical pupil,
we generate the pupil phase, which represents the modulation of the
phase of the incident light wave by the lens or optical system. Using the
optical parameters and the above pupil phase, we generate the spatial
frequency distribution of the optical system, i.e., the Optical Transfer
Function (OTF). The OTF is subjected to an inverse Fourier transform to
finally obtain a PSF image. The optical parameters used in the genera-
tion process and their physical meanings are described in Table S3 in the
Supporting Information.

For single-class aberrated image generation, we selected four com-
mon aberration types, Astigmatism (set Z4 and Z5 amplitudes), Coma
(set Z6 and Z7 amplitudes), Spherical (set Z8 amplitude), and Trefoil (set
Z9 and Z10 amplitudes) [46], and these aberrations were added to cell
images. For mixed aberrated image generation, we generated four
different types of mixed aberrated image datasets, each constituting
different orders of Zernike polynomials (4–6, 4–8, 4–13, and 4–16). For
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single-class aberrated images, we set the amplitude range as [0,1] and
sampled every 0.2 units. Additionally, considering that images with
minor magnitude aberrations are more common in practical cell imag-
ing, we further sampled within the range [0, 0.2] with a sampling in-
terval of 0.05. For multi-class aberrated images, we set Zernike
polynomials with Gaussian sampling amplitudes ranging from 0 to 1.0
for each order.

5.2. PLCM

As shown in Fig. 14, PLCM incorporates a pre-trained MobileNetV2
model, extracting 1280 input features from its final linear layer. Sub-
sequently, the original classification layer of the MobileNetV2 model is
replaced with three new linear layers, each designated for distinct
classification tasks. The first classification head, termed Category clas-
sifier, processes 1280-dimensional input features to output predictions
for 2 categories. The second head, the Aberration Type classifier, also
handles 1280-dimensional input features but outputs predictions for 8

categories. The third head, the Amplitude classifier, operates on the
same 1280-dimensional input and generates predictions for 9 categories.
During the forward propagation, input images undergo feature extrac-
tion via MobileNetV2, and these features are simultaneously fed into the
Category classifier, Aberration Type classifier, and Amplitude classifier.
Each classification head produces a vector representing the predicted
results for the respective classification task. In the training phase, the
Mean Squared Error Loss (MSELoss) is employed to quantify the
discrepancy between the predicted results and the ground truth labels.
The Adam optimizer is utilized to update the model parameters. During
training, the model undergoes forward and backward propagation on
both the training and validation sets, computing losses and updating
weights accordingly.

The PSF image dataset used for PLCM training is generated by an
aberration image simulator. The training dataset consists of 200 single
aberration PSF images, obtained by combining four types of aberrations
(Astigmatism, Coma, Spherical, and Trefoil) with eight aberration am-
plitudes (0.05, 0.1, 0.15, 0.2, 0.4, 0.6, 0.8, 1.0). To ensure the

Fig. 13. PSF image generation process, using the DNN dataset as an example.

Fig. 14. The architecture of PLCM.
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effectiveness of data augmentation, a specific sampling strategy is
adopted in this paper. Specifically, for amplitudes greater than or equal
to 0.4, fine sampling is performed at intervals of 0.01 within the range of
± 0.05 of their baseline values. In this way, these sampling values within
the allowable range are also considered valid amplitudes. For example,
an amplitude of 0.4 can be extended to the range of 0.35 to 0.45 in
practical operation. Similarly, 0.6 corresponds to the range of 0.55 to
0.65, 0.8 equates to the range of 0.75 to 0.85, and an amplitude of 1.0 is
considered to cover the range of 0.95 to 1.05. This approach aims to
enhance data diversity and generalization capability. Additionally, the
training dataset includes 2000 mixed aberration PSF images, composed
of four types of aberrations (4–6 orders, 4–8 orders, 4–13 orders, 4–18
orders) PSF images. Each type contains 500 randomly generated PSF
images. For these mixed aberration PSF images, their amplitude labels
are set to None. The test set includes 20 single aberration PSF images and
200 randomly generated mixed aberration PSF images.

5.3. The training process

• C3 with ResNet50 based on Mask R-CNN: Trained for 30 epochs
using pre-trained weights from the official PyTorch repository, with
an initial learning rate of 0.005. The batch size was set to 8.

• FPN with ResNet50 based on Mask R-CNN: Trained for 30 epochs
using pre-trained weights from the official PyTorch repository, with
an initial learning rate of 0.005. The batch size was set to 8.

• FPN with ResNet101 based on Mask R-CNN: Trained for 30 epochs
using pre-trained weights from the official PyTorch repository, with
an initial learning rate of 0.005. The learning rate was reduced by a
factor of 0.2 at the 25th epoch. The batch size was set to 8.

• FPN with VGG19 based on Mask R-CNN: Trained for 15 epochs using
pre-trained weights from the official PyTorch repository, with an
initial learning rate of 0.005. The batch size was set to 8.

• FPN with SwinT based on Mask R-CNN: Trained for 30 epochs using
pre-trained weights from the official PyTorch repository, with an
initial learning rate of 0.0001. The learning rate was reduced by a
factor of 0.2 at the 25th epoch. The batch size was set to 4.

• FPN with SwinS based on Mask R-CNN: Trained for 60 epochs using
pre-trained weights from the official PyTorch repository, with an
initial learning rate of 0.0001. The learning rate was reduced by a
factor of 0.2 at the 50th epoch. The batch size was set to 4.

• MobileNet: Trained for 84 epochs using pre-trained weights from the
official PyTorch repository, with an initial learning rate of 0.001.
Every 20 epochs, the learning rate decays to 90 % of the previous
value. The batch size was set to 32.

• EfficientNet: Trained for 93 epochs using pre-trained weights from
the official PyTorch repository, with an initial learning rate of 0.001.
Every 20 epochs, the learning rate decays to 90 % of the previous
value. The batch size was set to 32.

• SqueezeNet: Trained for 120 epochs using pre-trained weights from
the official PyTorch repository, with an initial learning rate of 0.001.
Every 20 epochs, the learning rate decays to 90 % of the previous
value. The batch size was set to 32.

• DenseNet: Trained for 136 epochs using pre-trained weights from the
official PyTorch repository, with an initial learning rate of 0.001.
Every 20 epochs, the learning rate decays to 90 % of the previous
value. The batch size was set to 32.
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