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Biomedical research increasingly relies on three-dimensional (3D) cell culture models and artificial-
intelligence-based analysis can potentially facilitate a detailed and accurate feature extraction on a
single-cell level. However, this requires for a precise segmentation of 3D cell datasets, which in turn
demands high-quality ground truth for training. Manual annotation, the gold standard for ground truth
data, is too time-consuming and thus not feasible for the generation of large 3D training datasets. To
address this, we present a framework for generating 3D training data, which integrates biophysical
modeling for realistic cell shape and alignment. Our approach allows the in silico generation of
coherent membrane and nuclei signals, that enable the training of segmentation models utilizing both
channels for improved performance. Furthermore, we present a generative adversarial network (GAN)
training scheme that generates not only image data but also matching labels. Quantitative evaluation
shows superior performance of biophysical motivated synthetic training data, even outperforming
manual annotation and pretrainedmodels. This underscores the potential of incorporating biophysical
modeling for enhancing synthetic training data quality.

Biomedical and pharmaceutical research rely increasingly on three-
dimensional cell culture models, such as spheroids and organoids. Lever-
aging optical tissue clearing alongside 3D-microscopy and AI-based image
analysis enables the extraction of unprecedented detail at the single-cell level
in 3D.As such, regional analysis of events like cell division and cell death can
be performed. Most commonly, AI-based image analysis requires the
manual generation of annotated datasets formodel training, evaluation and
subsequent model selection. To reach this surplus of information from 3D-
cell culture whole mounts, the segmentation of the original 3D datasets
needs to be of maximal precision, which requests the availability of a suf-
ficient amount of high-quality ground truth datasets. Additionally, for
accurate segmentation of rare cell states, it is important that such objects are
represented within the dataset. While manual expert annotation is often
considered the gold standard for ground truth data, its labor-intensive
nature, especially for voluminous 3D data, makes it impractical, usually
taking long time periods to create a sufficient dataset. Therefore, new and
realistic modes of generating 3D-ground-truth data are needed.

Several methods have been proposed for the synthesis of 2D and 3D
training data for nuclei1–7 and cell6,7 segmentation.Most of these approaches
employ generative adversarial networks (GANs). An overview of different

GAN variants is provided in ref. 8. We have recently presented SimOpti-
GAN, a method to create training data based on a combination of simu-
lation and deep-learning-based optimization, allowing the introduction of
rare elements. It generates data with a few real-world nuclei and their
subsequent assembly in virtual spheroids, including the implementation of
synthetic optical features, such as noise, signal loss in depth, and point-
spread function before optimization3. This gave surprisingly good results in
terms of training efficacy. However, the method placed nuclei in a rather
arbitrary manner, leaving doubts concerning the accuracy compared to the
real-world distribution. For example, in cancer cell spheroids, dividing cells
are often more concentrated toward the border of the 3D culture, while
necrotic or apoptotic cells are more abundant toward the spheroid center.
Moreover, cells oftentimes exhibit a preference for tangential orientation
relative to the outer hull9. Therefore, a consideration of biophysical features
and real-world distribution of cells with specific features might further
increase the fidelity of synthetic datasets. This enhancement could fur-
thermore foster greater consistency between the synthetic and real-image
domains, thereby mitigating the risk of unintentionally generating
unwanted structures through deep-learning-based transformations intro-
ducing inconsistencies between image and label data6,10. However, correct
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physical modeling of cell structures is a difficult and complex task. To this
date, no existing method incorporates physical modeling to enhance the
organization of cell and nuclei structures.

Several approaches have been developed to simulate 3D cell cultures in
a biophysically realistic manner, each tailored to various scientific approa-
ches for studying a broad spectrum of biological phenomena11–15. In parti-
cular, a widely used method to simulate the temporal evolution of cell
morphology in 2D- or 3D-cell cultures is the Cellular Potts Model
(CPM)16,17. Utilizing a grid-based system of pixels (2D) or voxels (3D), the
CPM assigns each unit to specific cells or the extracellular medium. By
modeling the total free energy of the system and applying the Metropolis
algorithm in aMonte Carlo simulation, the initial cell shapes evolve toward
their thermodynamic equilibrium16–18. This technique is used in exploring a
variety of biological processes, includingviral infection19, vascularization20,21,
cell sorting and migration22–28, morphological changes29–31 and cancer
research32–41. The application of theCPMor alternative biophysically driven
models to replicate the morphology of cell cultures for the creation of
synthetic training data, as detailed in this study, has not yet been reported in
scientific literature.

To improve the cell arrangement in synthetic image data, we introduce
a framework to generate 3D training data of nuclei and membrane signals,
integrating biophysical modeling to achieve realistic cell alignment and
orientation (see Fig. 1). Unlike existing approaches, our framework facil-
itates the creation of coherent membrane and nuclei signals, enabling the
training of segmentation models utilizing both signals simultaneously for
improved segmentation performance. Three approaches for generating
nuclei signals (SimOptiGAN+,Mem2NucGAN-P,Mem2NucGAN-U) are
presented and compared against a previously developed synthesis method,
SimOptiGAN. The random nuclei placement process of SimOptiGAN is
improved in SimOptiGAN+ by utilizing simulated cell borders to control

the nuclei placement process. Mem2NucGAN-P and Mem2NucGAN-U
utilize generative adversarial networks (GANs) to generate nuclei signals
based on the simulated cell borders. For this, a training and post-processing
scheme is introduced, allowing the additional generation of nuclei labels
corresponding to the generated signal images. This adaptation can also be
utilized for other image modalities. For Mem2NucGAN-P, the training is
performed with paired images, while Mem2NucGAN-U utilizes unpaired
images. We furthermore prove superior performance of synthetic nuclei
training data against manually annotated data and a pretrained Cellpose
model, using three manually corrected ground truth patches for compar-
ison. To the best of our knowledge, this is also the first time that synthetic
training data of SimOptiGAN is evaluated on fully annotated image data.

Results
Biophysical modeling enables marker transformation
To integrate meaningful, biophysical information into the generation of
synthetic images, CPM simulations were developed using 3D label masks
obtained from automated whole mount segmentation of real image data
(Fig. 2). The detection of membranes relied on minimal training on single
optical planes, acknowledging a balance between invested time and
accepting some inaccuracies in boundary detection. Subsequently, mor-
phological features such as volume, surface area, and shape descriptors were
extracted from individual labels to analyze the distribution of cellular
characteristics across the spheroid. Labelmasks obtained fromwholemount
spheroids were then transformed into a starting configuration for a CPM
simulation. Furthermore, each cell’s target volume and surface area were
preset to their individual starting values.

Before simulating the entire spheroid, a parameter estimation was
conductedona small subsection to identify optimal combinationsof contact
energies J(c-c) and J(c-m), as well as the volume and surface constraints λV and

Fig. 1 | Presented workflow for generation of 3D
synthetic images featuring nuclei and membrane
signals. 3D cell cultures are imaged using confocal
microscopy. Afterward, parameters are extracted
based on the recorded images, which are then uti-
lized during cell simulation to generate synthetic cell
border images. Finally, synthetic nuclei and mem-
brane images are generated on the basis of the
simulated cell border image.

Cell
Simulation

Parameter
Estimation

3D Confocal
Imaging

Membrane Image
Generation

Nuclei Image
Generation

Images

Parameter
Cell Border

1 2
3

54

Samples

Synthetic Image

3D Raw Simulation - Start Simulation - Middle Simulation - End

Simulation - Start Simulation - Middle Simulation - End

3D Label

B

A

MCS 0 MCS 400 MCS 1000

Fig. 2 | Biophysically driven 3D spheroid simulations from real-image data reveal
cellmorphology variability acrossMonteCarlo steps (MCS), while preserving the
distribution ofmorphological features throughout the spheroid. A 3Dmaximum
projection of membrane marker SiR-actin (gray, far left), overlay with label masks

(second from the left), and snapshots of the corresponding CPM simulation of
morphological changes at the start (middle, 0 MCS), middle (second from the right,
400 MCS) and end (far right, 1000 MCS) of the simulation. B Zoom images of the
simulation steps shown in (A). Scale bars: A 25 μm, B 15 μm.

https://doi.org/10.1038/s42003-025-07469-2 Article

Communications Biology |            (2025) 8:43 2

www.nature.com/commsbio


λA. These parameters influenced cellular morphology, enabling changes in
shape and position while preserving the overall distribution of features
within the simulated spheroid. Evaluation of individual parameter combi-
nationswas performedbyminimizing ametricm that compares the starting
and ending points of the simulation by using theWasserstein distance of the
morphological feature distribution Wk and the mean intersection over
union (IoU) of all cells, as described in “Methods”.

Figure 3 displays the distribution of selected morphological features
across individual cells at the start of the simulation based on real-world data.
It also presents the results for these features after 1000 Monte Carlo steps
(MCS), comparing two sets of parameters that received the highest and
lowest rankings in the parameter scans.

After parameter estimation, sets of parameters resulting in the smallest
values of metricm were selected for simulations of whole spheroids. These
simulations were then conducted for 1000 MCS. As a result of the simu-
lations, 3D cell border images were received, where each cell is represented
as a set of voxels with the same intensity. Representative 3D images of an
HT-29 spheroid, includingfluorescentmembranemarkers anda segmented

label mask, along with the corresponding 3D simulation images from the
start (0 MCS), middle (400 MCS), and end (1000 MCS) of the simulation,
are displayed in Fig. 2A. Zoomed images from the respective time points of
the simulation highlight the morphological changes of individual cells
throughout the simulation.

Synthetic data matches structure of real counterparts
A human approach for the quality evaluation of synthetic image data is the
visual comparison with their real counterpart. However, the visual differ-
ences perceived by a human may differ from those that are relevant to
segmentation models. The Kernel Inception Distance (KID)42 allows the
comparison of images in the feature space of a network, emphasizing dif-
ferences more relevant for the segmentation task. Lower distance values
indicate a closer similarity between real and synthetic images, representing a
better result. Figure 4A shows 2D samples of synthetic image data generated
with newly introduced methods SimOptiGAN+, Mem2NucGAN-P, and
Mem2NucGAN-Uaswell as a previousmethod, SimOptiGAN,which lacks
biophysical modeling, compared with a real counterpart. Additionally, the

Fig. 3 | Comparison of morphological feature
distributions at the start and end of simulations
reflecting changes in cell morphology, for the best
and worst parameter sets according to the metric
m, Eq. (3). Data is derived from a manually seg-
mented image patch. Individual Wasserstein dis-
tances, quantifying the variations between the
simulation’s start and end for each feature, are
marked above the plots for the best (blue, λV = 10.0,
λA= 0.001, J

(c-c) = 2.0, J(c-m) = 55.0) andworst (orange,
λV = 0.001, λA = 10.0, J(c-c) = 10.0, J(c-m) = 10.0)
parameter sets. Boxes indicate median and quartiles
of data, while whiskers encompass all values within
1.5 times the IQR. All individual data points
are shown.
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Fig. 4 | Comparison of real and synthetic images. A Image slices of real and
synthetic 3D nuclei images. SimOptiGAN uses a random process for nuclei
arrangement, while SimOptiGAN+, Mem2NucGAN-P, and Mem2NucGAN-U
incorporate biophysical modeling for a realistic arrangement. B Image slices of real
and synthetic membrane signals. The synthetic membrane signal is generated, as
described in the “Methods” section, based on the same simulated cell borders used in
the nuclei synthesis methods SimOptiGAN+, Mem2NucGAN-P, and
Mem2NucGAN-U. Consequently, the membrane signal exhibits a consistent cell

arrangement, as demonstrated by the overlay of synthetic membrane with nuclei
generated using SimOptiGAN+. C A preview of naively generated data used as the
worst example for KID evaluation in (D). These naive images are preliminary
outputs of SimOptiGAN, generated by the simulation pipeline before undergoing
deep learning optimization. D Comparison of synthetic nuclei images with real
counterparts based on the Kernel Inception Distance (KID). Lower scores represent
a greater similarity between real and synthetic signals. Scale bar: 50 μm.
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KID between generated 3D images and real counterparts is provided
(Fig. 4D). For comparison, theKIDbetween real samples, indicating the best
possible result, and between real and naively generated 3D images, indi-
cating a suboptimal result, is also shown (Fig. 4C). The procedure for
generating the naive data is described in the “Methods: KID” section.

By visual comparison, the synthesis methods showed differences in
nuclei morphology and arrangement, as well as in brightness and texture.
Thenuclei in thedata generatedwith SimOptiGAN, i.e., withoutbiophysical
modeling, appeared less sharp and featured a more uniform texture. By
incorporating biophysical modeling (SimOptiGAN+), the nuclei arrange-
ment becamemore structured, with features like small holes in the spheroid.
Both images, i.e., those of SimOptiGANand SimOptiGAN+, also exhibited
reduced brightness in the center region. However, the generated image with
SimOptiGAN+, shows a hard patch transition in the center region, giving
the impression of a rectangle-shaped brightness reduction. This hard
transition may result from using the already trained optimization model of
SimOptiGAN. Combined with slight variations in image statistics between
training and inference data, hard transitions are more likely to appear. Data
generated with Mem2NucGAN-P displayed rather large and more
roundish nuclei. Furthermore, a light checkerboard texture pattern was
visible. Data generatedwithMem2NucGAN-U resulted in the smallest KID
when compared to real data. However, some nuclei morphed into each
other, showing no clear outline between them.

Figure 4B shows a synthetic membrane generated on the same bio-
physical simulated cell borders as the nuclei images generated with
SimOptiGAN+,Mem2NucGAN-P andMem2NucGAN-U (Fig. 4A). Both
signals feature the same cell arrangement and can be combined. This is
illustrated by overlaying synthetic membrane signals with nuclei signals
generated using SimOptiGAN+ (Fig. 4B).

The comparison of the generated images using the KID measure
(Fig. 4D) shows only small differences between SimOptiGAN, SimOpti-
GAN+, and Mem2NucGAN-U compared to the difference with
Mem2NucGAN-P. All methods, however, show drastically lower KID
scores compared to a naive approach. Apart from the central dark regions
seen in the nuclei images by SimOptiGAN and SimOptiGAN+, the KID
measure appeared to correlate well with the visual impression.

Synthetic data can outperformmanual annotation and universal
models in terms of segmentation performance
The segmentation performance of the introduced methods was evaluated
using the SEG (segmentation) andDET(detection)metrics as utilized in the
Cell Tracking Challenge43. While the SEG metric focuses on the overlap
between segmentation and ground truth, the DET metric evaluates the
results on a cell level, i.e., whether an object is correctly detected or not. To
compare the segmentation performance of different training datasets, the
3D StarDist44 segmentation model was used. The performance was calcu-
lated based on three ground truth images of size 25 × 128 × 128 px3 to
51 × 128 × 128 px3 containing a total of 1001 nuclei. Approximately 37.5 h
were required for ground truth generation. Each segmentation model
training, except for the pretrained Cellpose nuclei model, was repeated six
times, and the mean values of the resulting metrics are reported. Figure 5A
shows the obtained segmentation performances for the introduced training
data generation methods.

The model labeled as Maximum was trained on the ground truth
dataset, later used for testing. This model was considered as a maximum of
the segmentation performance for the StarDist architecture on this dataset,
as train and test data were identical. However, generating training data
through manual annotation of 3D image data is a challenging and time-
consuming process. Cross-validation indicates results obtained by using a
leave-one-out approach on the ground truth dataset, i.e., using each patch as
the test set once while training themodel on the remaining two patches. For
inference of the Cellpose nuclei model45, only the nuclei size parameter was
adapted to match the size of the ground truth data. The remaining models
were all trained with synthetic datasets. SimOptiGAN was generated using
our preliminary synthesis method presented in ref. 3, which does not

incorporate biophysical modeling. Conversely, the datasets labeled
SimOptiGAN+, Mem2NucGAN-P, and Mem2NucGAN-U incorporate
biophysical modeling. To demonstrate the superiority of SimOptiGAN(+)
approaches utilizing the hybrid approach of imaging simulation and GAN-
based optimization, a comparison was performed with a direct transfor-
mation of label data. To ensure a fair comparison, noise and brightness
reduction were applied to the label data of SimOptiGAN prior to GAN
training and inference. This dataset is referred to as binary transformation.

The results revealed significant variations in the segmentation per-
formance among the different models. The maximum SEG score for this
data was 0.593 (Maximum). Using Cross-validation, the score dropped to
0.505. Cellpose Nuclei attained a SEG score of 0.332. The SimOptiGAN
model yielded a SEG score of 0.495 which is improved to 0.534 - the best
score apart from Maximum - by incorporating biophysical modeling
(SimOptiGAN+). Both Mem2NucGAN-P and Mem2NucGAN-U
demonstrated notably lower SEG scores, with values of 0.044 and 0.103,
respectively. Using SimOptiGAN’s labels as the basis for the transformation
(binary transformation), a score of 0.291 was achieved.

TheDET scores across all models exhibited a slight increase compared
to the SEG scores, given that only detection errors are penalized. None-
theless, the disparity between the models remained consistent. The Max-
imum and Cross-Validation scores for the DET metric were 0.891 and
0.785, respectively. The Cellpose Nuclei model attained a DET score of
0.512. SimOptiGAN+ again improved the result from 0.769 (SimOpti-
GAN) to 0.8. Both Mem2NucGAN-P andMem2NucGAN-U led to scores
of 0.061 and 0.155, respectively. Data generated with binary transformation
achieved a DET score of 0.437.

Figure 5B shows the segmentation results in comparison with the raw
image and the ground truth obtained by manual annotation. A 2D slice is
shown for each of the three ground truth patches. The patch locations were
selected to feature three image regions: the upper,middle, and lower regions
of the 3D image stack. As a result, the brightness and signal-to-noise ratio
decrease over the three patches. Atfirst glance, it can be seen that themodels
CellposeNuclei,Mem2NucGAN-P, andMem2NucGAN-Uhad difficulties
detecting nuclei in darker image regions. With the segmentation model
Mem2NucGAN-P, only two nuclei were detected in the slice of the second
patch and none in the slice of the third patch. This matches the results of
DET measure. The model Maximum detected most of the nuclei, directly
followed by the SimOptiGAN+ and SimOptiGAN model.

Further analysis was conducted regarding the segmentation scores of
the Mem2NucGAN-U approach. To see whether a reduction in brightness
in the training data can result in improved segmentation scores, a new
dataset was created by applying the brightness reduction function of
SimOptiGAN to the existing images generated with Mem2NucGAN-U.
This resulted in a twofold improvement in the segmentation scores (SEG:
0.203 and DET: 0.332) in comparison to the default Mem2NucGAN-U.

Using synthetic data drastically reduces manual effort for train-
ing data generation
By employing the presented framework for synthetic data generation, users
can drastically reduce the manual effort required to generate a sufficient
amount of training data for 3D segmentation models. While the time for
manual annotation is reduced, computation time and GPU hardware are
required. A comparison of the times needed for synthetic training data
generation with the proposed methods is given in Table 1.

The biophysical simulationused to create realistic cell borders involved
a one-time segmentation of membrane signals to automatically extract
essential parameters. For this, the pretrained Cellpose Cyto2 model was
optimized using the human-in-the-loop annotation method, requiring 4 h
of annotation time. Subsequent parameter estimation for biophysical
simulation needed 13 h of calculation time. Both the membrane segmen-
tation and simulation parameter estimation were one-time processes. After
these initial steps, the user can theoretically generate an infinite number of
simulated cell borders. The computation for the biophysical simulation took
148 h to produce four 3D cell border images, which served as the basis for
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generating realistic nuclei andmembrane signals.As SimOptiGANdoesnot
utilize biophysical simulated cell borders, the associated annotation and
calculation times were not applicable.

For generating nuclei signals with SimOptiGAN and SimOptiGAN+,
manual annotation of a few nuclei was necessary to populate the nuclei
prototype database. In this study, only 10 nuclei were annotated as proto-
types, requiring 22:5 min for annotation. The most resources for SimOp-
tiGAN and SimOptiGAN+ were needed for training the optimization
network (99.5 h and 42 GB of GPU memory). For the other parts of the
SimOptiGAN and SimOptiGAN+ pipeline (prototype generation and
imaging simulation), only 0.5 GB of RAM and a computation time of less
than 2minwere required. In contrast to previous experiments3, calculations
of SimOptiGAN (and SimOptiGAN+) were directly performed at the
desired output resolution, which drastically improved calculation time and
memory consumption.

Mem2NucGAN-P and Mem2NucGAN-U did not necessitate addi-
tional manual annotation but also needed training of GAN-based models.
Training of the transformation networkMem2NucGAN-P required 20.5 h
and 16.5 GBGPUmemory, whileMem2NucGAN-U consumed 59.5 h and
31 GB GPUmemory.

Initial membrane segmentation and subsequent parameter estimation
andbiophysical simulationwere performedon aworkstation equippedwith
anAMDRyzen95950XCPU, 128GBRAM,andanNVIDIAGeForceRTX
3060 Ti 8 GB GPU. All remaining calculations were performed on a server
computer equipped with an AMD EPYC 7252 CPU, 64 GB RAM, and an
NVIDIA A6000 48 GB GPU.

Discussion
To the best of our knowledge, this is the first time that biophysical simu-
lation has been incorporated into the process of generating synthetic

Fig. 5 | Comparison of segmentation results of nuclei segmentation models
trained with different types of training data. A SEG and DET segmentation scores
of nuclei segmentation models trained with different types of training data. Scores
can range from zero (worst possible) to one (best possible). Three manually cor-
rected image patches from different image regions serve as test data. Maximum
indicates a model trained on the test data and is considered an upper boundary.
Based on this score, a dotted gray horizontal line is drawn to indicate this maximum.
Dark blue color indicates training data generated by manual annotation. The nuclei
model provided by Cellpose is depicted in light blue color. Dark and light orange
colors indicate the pure use of synthetic training data generated with physical
simulation-based andGAN-based approaches, respectively. Gray color indicates the
use of synthetic data generated by theGAN-based transformation of synthetic nuclei

labels. The error bars represent the standard deviation across six training runs of the
segmentation models. Since the Cellpose nuclei model is pretrained, no standard
deviation is provided. B Qualitative comparison of nuclei segmentation results.
Representative single optical sections of ground truth patches are shown for
enhanced clarity. The first and second columns display the raw image signal and its
corresponding ground truth, while subsequent columns show the segmentation
masks obtained with the segmentation models. Additionally, the last row visualizes
the DET-related errors of the third row, including false-negative, false-positive, and
required splitting operations. A complete visualization of DET errors across all
ground truth patches is given in the Supplementary material (Fig. A2). Scale
bar: 25 μm.
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membrane and nuclear signals. Both synthetic signals were based on the
same simulated cell borders and therefore allowed the combination of both
signals. Thiswas utilized to train segmentationmodelswith bothmembrane
and nuclei signals as input, which, as preliminary results showed, improved
segmentation performance for membrane signals.

We further introduced a GAN training scheme that enables the gen-
erator to not only transform image signals but, more importantly, also
generate the corresponding labels. This allowed GANs to generate nuclei
signals and their labels based on membrane signals, which are afterward
available as training data for segmentation models. This approach could
potentially be used in the inverse direction, i.e., for the generation of
membrane signals and labels based on real nuclei signals or even for other
image modalities like the transformation between nuclei and the pro-
liferation marker Ki-67. This concept is also of potential interest in other
application fields, such as virtual staining. In this field it enables the gen-
eration of synthetic marker signals, such as Ki-67, along with the corre-
sponding segmentation masks.

The incorporation of biophysical modeling visually improved the
arrangement of nuclei compared to a random placement approach. Visual
inspection of the synthetic images generated by variousmethods (see Fig. 4)
revealed notable differences in the brightness distribution. Specifically,
images produced using the SimOptiGAN and SimOptiGAN+ showed a
decreasing brightness deeper inside the spheroid, whereas those generated
by the Mem2NucGAN methods maintained a nearly constant brightness
throughout the image. One possible explanation for this discrepancy could
stem from the utilization of different training datasets for the optimization
model used in SimOptiGAN(+) and the transformation models used in
Mem2NucGAN. The training data for the latter models consisted of real
images exhibiting only aminimal reduction in brightness in deeper regions.
Additionally, the absence of brightness information in simulated binary
membranes, coupled with a patch-based transformation approach, ren-
dered the Mem2NucGAN models mostly incapable of incorporating a
decreasing brightness in deeper regions.

Such discrepancies undoubtedly affected the segmentation quality of
nuclei in darker image regions. As observed in the visual inspection of the
segmentation results (see Fig. 5), bothMem2NucGANmodels encountered
challenges in detecting nuclei in darker image regions. Both of the
SimOptiGAN methods performed far better under such conditions, indi-
cating that the brightness reduction improved the segmentation perfor-
mance. The KID measure appears unaffected by differences in image
brightness, whichmay account for someof the discrepancy compared to the
segmentation scores. One reason for the brightness invariancemight be the
underlying InceptionV3 Net, which was trained on a diverse classification
dataset where brightness information is irrelevant for the class outcome.

Another factor contributing to the lower segmentation scores of the
Mem2NucGANmodels could be attributed to the label generation process.
As the binary labels were only an additional output of the generatormodels,
a strict alignment between image and label data may not be given for all

instances. Although the post-processing step, used to derive instance labels,
visually improved the quality of the label data, it may have introduced
additional discrepancies between labels and generated image data. The fact
that, despite the low segmentation score of the Mem2NucGAN-Umethod,
itsKID is the lowest overallmay indicate potential label inconsistency. Since
KIDdoesnot account for label consistency, amodelmight achieve favorable
KID results while producing poor segmentation scores if the generated
labels are inconsistent with the corresponding synthetic images.

The additional membrane segmentation step required for
Mem2NucGAN-P might have affected the task of transformation learning
due to errors in the membrane segmentation. We also tested additional
approaches that did not require segmented membrane signals for training
the generator and instead directly used the raw membrane signals (see
Supplementarymaterial Fig. A1,RealMembrane →Nuclei). However, these
involved pre-processing of the simulated binary membrane to match real
membrane signals. We tested several pre-processing variants, including the
imaging simulation and a GAN transformation model to generate realistic
membrane signals, however, no nuclei with realistic textures could be
obtained.

In the additional experiment, in which a separate brightness reduction
was applied to the resulting images ofMem2NucGAN-U, the segmentation
scores improved by a factor of two. That indicates that, indeed, the missing
brightness reduction in the training data has a significant influence on
segmentation performance. Nevertheless, SimOptiGAN(+) continues to
exhibit superior segmentation performance. In the visualized overlay of
generated nuclei images and their corresponding labels (provided in
the Supplementary material), it appears that the label consistency of both
Mem2NucGAN methods does not match that of SimOptiGAN.

The comparison of the hybrid approach of SimOptiGAN, e.g., com-
bining imaging simulation and GAN-based optimization, with a direct
transformation of label data (binary transformation) demonstrated that the
hybrid approach of SimOptiGAN led to significantly higher segmentation
scores than the direct transformation of label data. The approach of binary
transformation can also be considered an alternative toMem2NucGAN-U,
where the transformation task is simplified by predefining the shapes and
positions of nuclei. However, the fundamental concept of the proposed
Mem2NucGAN approaches, namely that a GAN model can generate rea-
listic nuclei morphologies based on the provided membrane signals, is lost.

The segmentation scores showed that synthetic training data can not
only outperform the pretrained Cellpose model but also training data
generated bymanual annotation. It canbe argued that by increasing the data
size of the manual training data, the results of the Cross-Validation model
would be improved. However, this would also strongly increase the amount
of time required for annotation. Ideally, smaller patch sizes are preferred to
label a greater number of patches, thereby enhancing heterogeneity. How-
ever, the requirement for aminimal patch size inmost segmentationmodels
restricts the number of patches that can be labeled within a limited time-
frame. In the case of rare objects, a reducednumber of patches can lead to an
underrepresentation or even a complete absence of such objects in the
training dataset. Synthetic training data, on the other hand, canbe generated
in large quantities with minimal user interaction and thus with minimal
time investment. SimOptiGAN and SimOptiGAN+ additionally allow for
an overrepresentation of rare objects and thus improve segmentation per-
formance for these objects. Both SimOptiGAN and SimOptiGAN+ also
require some annotation for the extraction of nuclei prototypes. However,
the time investment here is rather small. For the generated synthetic data,
only 20 nuclei were labeled instead of the 1001 nuclei present in the three
ground truth patches.

The improvements achieved through biophysical modeling of cell
arrangements come with certain limitations. Currently, some degree of
manual annotation is still required for parameter estimation and to define
the initial configuration for the biophysical simulation. Nevertheless, the
amount of manual labor required is significantly reduced compared to the
extensive effort needed for the manual annotation of image patches.
Another potential limitation lies in the diversity of nuclei within the images

Table 1 | Comparison of the required times to generate
training data

Method Manual
annotation

Computation
preparation

Computation
inference

Maximum 37.5 h - -

SimOptiGAN 0.4 h 99.5 h <0.1 h

SimOptiGAN+ 4.4 h 112.5 h 148 h

Mem2NucGAN-P 4 h 33.5 h 148 h

Mem2NucGAN-U 4 h 72.5 h 148 h

TheCellposenuclei segmentationmodel is not included, as no training data is required for the usage
of this model. Manual annotation defines the time required to manually generate or correct label
masks. Preparation and inference time include the computation time required for the generation of
synthetic images. While preparation includes one-time calculations such as parameter estimation
for biophysical simulation andGAN-basedmodel training, data generation comprises the remaining
calculation time to generate four synthetic images.
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generated by SimOptiGAN(+). As these methods rely on a database of
nuclei prototypes, the diversity is inherently limited by the available pro-
totypes. Tomitigate this, augmentation techniques are employed, and users
are advised to select a diverse set of nuclei for prototype extraction to
enhance the variability in the generated data.

No clear statement can be given as to why the incorporated biophysics
improved the results of the segmentation.Apart from the placement process
of thenuclei, the pipelineswere identical, including theusedparameters. For
example, the same nuclei prototypes, imaging-simulation parameters and
even the same optimization model were used. Reasonable explanations for
the improvementmay be due to amore fitting nuclei size or amore realistic
orientation and arrangement of nuclei. Both could potentially lead to a
better transformation during the optimizing step.

Wewould like to emphasize that the proposedmethods are not limited
to the 3D spheroid dataset presented in our study. They are, in fact, trans-
ferable to other visually distinct datasets. Themethodology has the potential
to be extended to other complex structures, such as organoids, which are
becoming increasingly important in biomedical research for applications
such as disease modeling and drug discovery. However, adapting the
simulation to account for additional biophysical effects may be necessary to
effectively model these more intricate structures.

It is important to note that the performance of the model may vary
depending on the degree of difference in cell morphology, orientation, and
density between thedatasets. The larger the difference between these factors,
the more likely it is that the segmentation performance will decrease. If the
differences are substantial, we recommend generating new training data
specific to the new dataset to ensure optimal results. For SimOptiGAN, the
annotation of new nuclei prototypes can be skipped, if the new data shows
similar nuclearmorphology and texture. In such cases, a reparameterization
of the simulation pipeline and retraining of the optimization network can be
sufficient. As SimOptiGAN+ is based on the results of biophysical simu-
lation, adapting cell arrangements requires the generation of new cell bor-
ders. For the biophysical simulation, itmight be sufficient to adapt the initial
starting configuration andparameters like expected cell volume.However, if
differences are too large, one has to consider extracting parameters from the
new data.

Conclusion
In contrast to existing approaches, our three approaches incorporated
biophysical simulation to improve the fuzzy similarity between real-world
and synthetic data, thus also enhancing the training quality of segmentation
algorithms. Furthermore, the segmentation model trained with our syn-
thetic data outperformed both the pretrained Cellpose Nuclei model and a
model trained with manually annotated data. This use of synthetic training
data enabled precise single-cell level analysis of 3D cell cultures. Further
experiments examining the influence of parameters such as cell size and
density on segmentation performance could contribute to further
improvements in the generationof synthetic data. Looking ahead,weplan to
test the proposed method on other cell models, like organoids and validate
our GAN-based methods, Mem2NucGAN-P and Mem2NucGAN-U, on
different image modalities such as nuclei and Ki-67. In future work, we will
also assess the segmentation performance ofmodels trained with combined
synthetic nuclei andmembrane signals. Furthermore, emerging foundation
models, such as those described in ref. 46, could potentially eliminate the
necessity for manual parameter estimation in biophysical simulations.
Instead, thesemodels could be leveraged to automatically derive parameters
for novel cell types.

Methods
Biophysically motivated simulation of cell boundaries
Cell boundaries were generated in a biophysically motivated simulation. To
this end, a 3D Cellular Potts Model (CPM) was set up using the Compu-
Cell3D implementation18 (Version 4.3.2, Revision 0). The simulation
approach outlined below is described in more detail in ref. 47. As the initial
configurationof the simulation,we started froma real-world confocal image

stackof amono-culture spheroidwithfluorescence-labeled cellmembranes,
as described below in section “Methods—Dataset”.

Cell boundaries in this image stack were segmentedwithCellpose 2.045,
using a cyto2 model48 retrained with a human-in-the-loop approach. For
applying the model to 3D images, the integrated stitching method of Cell-
pose was utilized. This approach involves performing segmentation on
individual slices, followed by IoU-based stitching to generate a complete 3D
segmentation. Adetailed description of the procedure is given in ref. 47. The
resulting 3D label imagewas then further processed: Labelmaskswith fewer
than 5 voxels were removed, as they result almost certainly from segmen-
tation errors. Labels spanning less than four image planes in the z-direction
were removed for the same reason. A closing and a dilation operation were
applied to fill the resulting holes in the image. Image up-sampling through
nearest neighbor interpolation was applied in the z-direction to ensure an
isotropic voxel size of 0.5682 μm3. A list of morphological features Fk was
extracted for each cell, where the index k runs over 7 distinct features: cell
volume, surface area, volume-to-surface (V/A) ratio, minor and major axis
lengths, sphericity and eccentricity.

The label image was then converted into a file format that specifies the
initial configuration of a CPM simulation in CompuCell3D47. The system
HamiltonianH, whichmodels the total free energy of the cell conglomerate,
includes terms for the adhesion energy between neighboring cells, surface
free energy contributions of cells in contact with the medium, and penalty
terms for the deviation of volume Vi and surface area Ai of cell i from their
target values:

H ¼
X
i

λV Vi � V ðtargetÞ
i

� �2
þ
X
i

λA Ai � AðtargetÞ
i

� �2
ð1Þ

þ
X
i;j

J ðc�cÞAðc�cÞ
i;j þ

X
i

Jðc�mÞAðc�mÞ
i ð2Þ

Here, λV and λA are penalty parameters that determine the strength of the
volume and area constraints. Aðc�cÞ

i;j is the contact area between cell i and j,
Aðc�mÞ
i the contact area of cell iwith the surroundingmedium, and J(c-c) and

J(c-m) are the respective surface tension parameters. The target valuesV ðtargetÞ
i

and AðtargetÞ
i for volume and area were assigned individually to each cell.

Here, the target values of cell i were taken from the actual values of cell j in
the initial configuration, using a random permutation Pij of all cells. This
way, each cell has target valuesdifferent from its initial values, ensuring some
dynamics in the simulation; on the other hand, the distribution of target
values and original values over all cells is identical, ensuring a realistic
volume/area distribution of the ensemble throughout the simulation.

Moreover, a temperature parameter T needs to be set, which deter-
mines the strength of the fluctuations around the energy minimum in the
equilibrium state.

In sum, the simulation model contained four parameters: λV, λA,
J(c-c), J(c-m). Their values were fixed by a parameter scan on a hand-segmented
subset of a spheroid of 101 × 250 × 250 px3 (z, y, x), with the objective to
minimize the following metricm47:

m ¼ 1
NFeatures

XFeatures

k

Wk

 !
� 1

NCells

XCells
i

IoUi

 !
ð3Þ

Here, Wk is the Wasserstein distance of the empirical distribution of the
morphological feature Fk at the beginning of the simulation versus its end.
Small values of Wk thus ensure that throughout the simulation, the cell
ensemble retains its morphological characteristics. IoUi, on the other hand,
is the intersection over union of cell i in the beginning vs. the end of the
simulation; i.e., it measures to what extent a cell moves in the simulation.
Small values of IoUi hence ensure that individual cells change their position
and/or shape in the simulation, to avoid simulation results with little
movement or even a complete “freeze.” The resulting parameter values are
listed in Table 2.
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With those parameters, the systemwas simulated over 1000MCSwith
different random seeds in CompuCell3D. The number ofMCSwas selected
because, beyond this point, the system approaches thermodynamic equili-
brium, resulting in only minimal changes in cellular morphology. The
resulting label masks were converted into cell border images, serving as a
template for the actual generation of synthetic images, as described below.

Membrane synthesis
To produce authentic membrane signals derived from the simulated binary
membranes, we employed the CycleGAN architecture49. Apart from the 3D
adaptation of the generator and discriminator models, the CycleGAN
architecture is similar to the original one presented in ref. 49. As training
data, unpaired imagedata consisting of four images showing realmembrane
signals and four images showing simulatedbinarymembraneswere utilized.

Nuclei synthesis—frommembrane to nuclei
The main objective was the generation of synthetic nuclei data for the
training of segmentation models. We analyzed several ways of creating
nuclei images based on the simulated cell borders (see Fig. 6; a compre-
hensive overview is given in the Supplementary material Fig. A1). One
approach is basedonplacingnuclei into the simulated cell borders,while the
other two approaches utilize a GAN-based transformation between
membrane-like signals and nuclei signals. These two approaches are sub-
divided based on the model that enables the transformation.

Simulation-based approach with random nuclei placement:
SimOptiGAN. Our pipeline, first introduced in ref. 3, enables the gen-
eration of realistic-looking 3D nuclei images. It relies on a database
containing nuclei prototypes, which are extracted by manual annotation
of a few nuclei in ideally high-resolution images. The prototypes repre-
sent cutout images of nuclei, where only the annotated region is visible, as
already described in ref. 3. During the Prototype Generation, a 3D image
of a cell culture is generated by placing nuclei prototypes into the image.

Afterward, an Imaging Simulation is performed to simulate the effects of
the recording process with amicroscope. Lastly, during theOptimization,
a CycleGAN is used to post-process the generated image.

Enhanced nuclei placement for simulation-based approach:
SimOptiGAN+. With SimOptiGAN, the arrangement of nuclei is not
physically motivated but rather follows a random pattern. For SimOp-
tiGAN+, the pipeline is adapted to utilize the cell borders generated by
biophysical simulation to improve the placement process of the nuclei
prototypes during the Prototype Generation step (see Fig. 6A). The
procedure is described in the following.

For each cell of the simulated cell structure, a random nucleus proto-
type is chosen from the database. This prototype is then rotated to alignwith
the cell’s orientation and scaled tomatch a predefined volume relative to the
cell’s volume. As nuclei in the real world are not strictly located in the center
of a cell, the placement position is selected based on a random distribution
with its highest likelihood in the cell’s center. For a selected position, the
overlap between the nucleus prototype and the cell is assessed. If it is larger
than a specified percentage threshold of the nucleus prototype’s volume, the
nucleus is placed. If the overlap is smaller than the threshold, a new position
is selected and reassessed. This process continues until either a suitable
position is found or the maximum number of attempts is reached. In the
latter case, a new nucleus prototype is chosen from the database, and the
positioning procedure is repeated. A maximum number of nuclei proto-
types are tested before the cell is skipped andnonucleus is placed in this cell.

Once all cells are processed, the Prototype Generation is completed.
Afterward, the Imaging Simulation is used to simulate the optical and sensor
effects of a microscope. This includes a brightness reduction in deeper
regions, the convolution with a point-spread function, a downsampling
step, and the calculation and application of noise. Subsequently, a deep-
learning-based post-processing is performed during the Optimization step
to further increase the realism of the image. For this step, the same network
can be used as for the regular pipeline. Finally, a synthetic nuclei image is
obtained with the corresponding labels.

Binary membrane to nuclei with paired data: Mem2NucGAN-P. This
approachutilizes aGAN-based transformation for the generation of realistic
nuclei signals basedon thebiophysically simulated cell boundary images (see
Fig. 6B). Our previous experiments indicated that GANs can learn the
generation of nuclei signals with correct orientation and morphology by
only utilizingmembrane signals. Using such a transformationmodel, which
is trained on real data, would thus allow the generation of nuclei signals with
realistic properties corresponding to the membrane signal.

However, as the biophysically simulated cell borders are binary signals,
the transformation will fail due to the domain gap with the initial training
data (realmembrane signals). Toovercome this,we train the transformation

Table 2 | Simulation parameters for CompuCell3D

Parameter Parameter scan values Best

λV 0.001, 2.0, 4.0, 6.0, 8.0, 10.0 10.0

λA 0.001, 2.0, 4.0, 6.0, 8.0, 10.0 0.001

J(c-c) 0.0001, 2.0, 4.0, 6.0, 8.0, 10.0 2.0

J(c-m) 10.0, 55.0, 100.0 55.0

T – 30.0

Potts Neighbor Order – 3

Contact Neighbor Order – 4

Generator

GAN Training

Membrane
Segmentation

Mem2NucGAN-P

Generator

GAN Training

Mem2NucGAN-U

Simulated Cell Borders Synthetic
SegmentationReal

Nuclei Membrane

Prototype
Generation

Imaging
Simulation

Optimization

GAN Training

SimOptiGAN+A B C

Fig. 6 | Overview of presented methods for the generation of nuclei images based
on simulated cell labels. SimOptiGAN+ (A) uses the simulated cell borders to
improve the nuclei placement of a previously presented simulation-based pipeline,

while Mem2NucGAN-P (B) and Mem2NucGAN-U (C) rely on a GAN-based
transformation of simulated cell borders.
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model with segmented instead of raw membrane signals. This requires the
training of a Membrane Segmentation model. As manual annotation of
membrane images is not feasible, synthetic training data is generated by an
additional transformation model, Synthetic Cell Borders →Membrane (see
Supplementary material Fig. A1). This CycleGAN-based transformation
model allows the generation of realistic membrane signals based on the
biophysical simulated cell borders by utilizing unpaired images as training
data. Data pairs of biophysical simulated cell borders and synthetic mem-
brane signals generated with Synthetic Cell Borders →Membrane are then
used to train theMembrane Segmentationmodel. In this study, we relied on
the pretrained cyto2 model of Cellpose for the segmentation of membrane
signals.

By utilizing the Membrane Segmentation model, real-image pairs of
segmented membrane and corresponding raw nuclei signals can be gen-
erated (see Fig. 6B). This data is then used to train a conditional GAN
(cGAN) representing themain transformationmodel BinaryMembrane →

Nuclei.Weutilized thepix2pix training approach anddiscriminatormodels,
but with ResNet generatormodels, as used byCycleGAN. Finally, thismain
transformation model is used to generate synthetic nuclei signals based on
biophysically simulated cell borders.

Binary membrane to nuclei with unpaired data: Mem2NucGAN-U.
While the transformation model of the previous approach is trained on
real data and therefore can learn morphological correlations between
membrane and nuclei, it is a complex procedure. The required seg-
mentation model and its training introduce additional error sources.
Furthermore, differences between segmented membranes used during
training and simulated membrane labels used during the inference could
decrease the quality of the generated nuclei signals. We therefore tested
an additional method that is based on a CycleGAN, which does not
require paired data for training (see Fig. 6C). The additional segmenta-
tion of membrane signals is skipped, and simulated membrane labels in
combinationwith real nuclei signals are directly used for training. During
inference, the model transforms the same input data as used during
training, i.e., simulated membrane labels, into synthetic nuclei images.

Adapted GAN training for the additional generation of
matching labels. Mem2NucGAN-P and Mem2NucGAN-U utilize
GANs to obtain nuclei images based on membrane-like signals. For the
training of segmentation models, corresponding label data for the gen-
erated image data is required. However, conventional GAN training
methods for image generation lack the ability to output corresponding
labels alongside the generated images. To circumvent this constraint,
existing approaches resort to generating synthetic labels separately, such
as through random ellipse placement, before using GANs to transform

them into image data. However, this approach is not feasible for our task,
as we aim to transform between two distinct image modalities—mem-
brane to nuclei (Fig. 7B, C)—while only having access tomembrane labels
via biophysically simulated cell borders (Fig. 7A). Hence, we require the
GAN in both Mem2NucGANmethods to produce both synthetic nuclei
signals and their corresponding labels (Fig. 7C, D). To our knowledge, no
existing training scheme facilitates the additional generation of corre-
sponding labels. Therefore, we introduce a GAN structure to generate
nuclei images along withmatching label masks. The new structure can be
applied to both cGAN andCycleGAN (see Fig. 8). First, the adaptation of
the cGAN is described, while later the methodology is transferred to the
CycleGAN.

The last layer of the generator G is altered to generate a two-channel
image. The first channel contains the nuclei signal prediction, while the
second channel contains a binary label mask corresponding to the nuclei
signal in the first channel (see Fig. 7C, D). The generator G thus maps the
image condition x and a noise vector z to a synthetic image ŷ and its label v̂:
G : fx; zg ! fŷ; v̂g. As the two output channels are based on the same
decoder path, i.e., sharing the same featuremaps, the alignment between the
image and label data is promoted. During training, the discriminator D
receives fake samples consisting of the condition x (i.e., the membrane
signals) and the first channel of the generator output ŷ (i.e., nuclei signals)
and real samples consisting of the condition x (i.e., the membrane signals)
and real nuclei signals y.

In addition to the traditional training scheme, an extra discriminator
DSeg is introduced.While thedefault discriminator onlypenalizes the quality
of the nuclei channel, the purpose of the second discriminator is to penalize
the generated binary label mask. The discriminator DSeg itself is trained to
distinguish between real (v) and fake (v̂) binary labels. We want to
emphasize that, in contrast to the regular discriminator D, DSeg receives no
additional condition. This enables the use of arbitrary, non-paired binary
labelmasks for the trainingofDSeg, diminishing thedemand forhigh-quality
label masks in two key aspects. First, with the absence of a corresponding
nuclei signal, any overlooked nuclei within the label masks become less
conspicuous, therebyminimizing confusion duringmodel training. Second,
the use of a binary label mask eliminates issues regarding under- and over-
segmentation errors.

The original optimization function of the cGAN, consisting of an
adversarial GAN loss LcGAN ðG;DÞ and a reconstruction loss LL1ðGÞ
(weighted by a parameter λL1) is appended with an additional GAN loss
LsGAN ðG;DSegÞ resulting from the discriminator DSeg:

min
G

max
D;DSeg

LcGAN ðG;DÞ þ LsGAN ðG;DSeg Þ þ λL1 � LL1ðGÞ; with ð4Þ

A B C D E

Fig. 7 |Generation of synthetic images and labels usingGAN-basedmethods.The
simulated cell borders (A) are converted into binary membrane signals (B), which
are then utilized by the generator to produce synthetic nuclei signals (C) along with
corresponding binary labels (D). Subsequently, a post-processing step is employed

to extract instance labels (E) from the generated binary labels. The binarymembrane
signals (B) partially show large white regions. These are a result of the lower reso-
lution in the z-direction, leading to cell borders/membranes that completely lie in
one z-plane. Scale bar: 50 μm.
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LcGAN ðG;DÞ ¼ Ex;y logDðy; xÞ� �þEx;z log 1� Dðŷ; xÞ�� �
; ð5Þ

LL1ðGÞ ¼ Ex;y;z ky � ŷk1
� �

and ð6Þ

LsGAN ðG;DSeg Þ ¼ Ev logDSegðvÞ
h i

þEx;z log 1� DSeg ðv̂Þ
�h i

: ð7Þ

As the generator G produces binary labels masks (Fig. 7D), a post-
processing step is required to derive instance labels (Fig. 7E) required for
segmentation training. In thefirst step, the predicted labelmask undergoes a
thresholding procedure to obtain a true binary label mask. Afterward, the
binary membrane signal which is used as input for the generator is
subtracted from the binary label mask to split the labels. Then, a binary
opening operation is performed to remove potential artifacts. Utilizing the
simulated cell label mask, each foreground voxel in the binary label mask is
assigned the corresponding cell label. Thus, foreground voxels in the binary
labelmask that are zero in the cell labelmask, i.e., artifacts, are automatically
removed.

The CycleGAN structure is altered similarly to the cGAN. The gen-
eratorGA2B is taskedwith the generation of a two-channel output based on a
single-channel input featuring a binary membrane:GA2B : x ! fŷ; v̂g. The
first channel ŷ represents the nuclei signal, while the second channel v̂
represents the binary labels. Since there are no segmentations available for
real nuclei images, the generatorGB2A only receives a nuclei image ŷ and no
label mask GB2A : y ! x̂. Similarly, the discriminator DB, only assesses
nuclei images to distinguish between real and fake samples. Discriminator
DA, distinguishes between real and synthetic membrane signals. Image
consistency between domains is achieved by encouraging cycle consistency,
i.e., by penalizing differences between x and ~x ¼ GB2AðŷÞ, and y and
~x ¼ GA2Bðx̂Þ. To penalize the generated label masks, an additional dis-
criminator DSeg is introduced, evaluating real and fake binary label masks.
As only unpaired binary label masks are required, the same benefits as for
the adapted cGAN apply here. The original optimization function of the
CycleGAN, consisting of the GAN loss LGANA

, LGANB
and the cyclic loss

Lcyc, is appendedwith theGANsegmentation lossLGANS
resulting from the

discriminator DSeg:

min
GA2B;GB2A

max
DA ;DB;DSeg

LGANA
ðGB2A;DAÞ þ LGANB

ðGA2B;DBÞþ

LGANS
ðGA2B;DSegÞ þ λcycLcycðGA2B;GB2AÞ; with

ð8Þ

LGANA
ðGB2A;DAÞ ¼ Ex logDAðxÞ

� �þEy log 1� DAðx̂Þ
�� �

; ð9Þ

LGANB
ðGA2B;DBÞ ¼ Ey logDBðyÞ

� �þEx log 1� DBðŷÞ
�� �

; ð10Þ

LcycðGA2B;GB2AÞ ¼ Ex kx � ~xk1
� �þEy ky � ~yk1

� �
and ð11Þ

LGANS
ðGA2B;DSeg Þ ¼ Ev logDSeg ðvÞ

h i
þEx log 1� DSeg ðv̂Þ

�h i
: ð12Þ

Quality evaluation measures
Kernel inception distance (KID). To assess the similarity of 3D micro-
scopic images generated by the presented methods to their real coun-
terparts, we employ the Kernel Inception Distance (KID)42. As the KID is
based on a pretrainedmodel, designed to process 2D images, themeasure
cannot be directly applied to 3D images. We therefore calculate the KID
measure slice by slice. The mean results for all three major plane direc-
tions (xy, xz, and yz) are used to calculate a final mean value of the KID
measure.

Given the unlimited range of the KIDmeasure, interpreting the results
can be challenging. To provide context, we include the KID value between
real and naively generated reference images. These reference images are
interim outputs from SimOptiGAN, produced by the simulation pipeline
prior to deep learning optimization.

Segmentation. Raw confocal datasets were converted to multichannel
TIFF files using Fiji26. 3D segmentation of nuclei and membrane staining
(SiR-actin) was performed using Cellpose (V2.2), a deep learning-based
instance segmentation tool39. To prepare the hand-annotated training
data, spheroids of each cell type were first pre-segmented by the pre-
trained nuclei and cyto2 models in Cellpose, using the two fluorescent
markers for DAPI and SiR-actin, as an initial step. From these, three
patches for each marker with a size of 32 × 128 × 128 px3 (z, y, x) were
extracted and manually corrected using the Segmentor software20. The
locations of the patches were selected to feature different image qualities.
The patches represent the top, middle, and bottom regions of the
spheroid, where each patch shows a reduced signal-to-noise ratio.
Supervised training from scratch was performed as described in ref. 38
using the command line interface for Cellpose. Please note that the
sample of the spheroid used to generate the ground truth was from a
previous experiment. Thus, clearing effectiveness slightly differs between
the image samples used to generate synthetic data and the image sample
from which the ground truth was generated.

The suitability of different types of synthetic data for use as training
data for segmentation models is tested by training multiple segmentation
models. For each presented approach of generating synthetic data, a 3D
StarDist44 segmentation model is trained with four synthetic images. To

GA2B

GA2B

GB2A

GB2A

G

cGAN Adaption CycleGAN Adaption

DA

DB

DSeg

DSegD

Synthetic LabelsSynthetic ImagesSegmentationRealNucleiMembrane

A B

Fig. 8 | Overview of two proposed GAN training schemes for the generation of not only synthetic images but also matching labels. Both methods utilize an additional
discriminator DSeg to generate additional labels. A and B show the adapted training schemes for a cGAN and CycleGAN, respectively.
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assess the segmentation performance of the models, we utilize two metrics:
SEG (Segmentation) and DET (Detection), as used in the Cell Tracking
Challenge (CTC)43. The SEG measure evaluates the accuracy of segmenta-
tion by quantifying the agreement between the predicted and ground truth
segmentationmasks. In contrast, theDETmetric focuses on the accuracy of
detection, measuring how accurately the model identifies objects of interest
within the image while considering factors like false-positives, false-nega-
tives, and under-segmented objects. The implementation provided by the
CTC allows the direct calculation of the segmentation performance in 3D.
Bothmeasures can range from zero to one, representingworst to best result.
The performance was evaluated by segmenting the whole image and sub-
sequently cropping the segmented image tomatch the ground truthpatches.
A direct segmentation of image crops would lead to many incomplete
nuclei, potentially decreasing the segmentation quality. By segmenting the
entire image, all nuclei remain fully visible, ensuring amore comprehensive
assessment of segmentation performance.

Statistics and reproducibility
Biophysical parameter estimation and the initialization of the starting
configuration for the CPM were based on a single recording of a spheroid
cell culture. Four biophysical simulations were subsequently performed, all
utilizing the same parameters but differing in their random seed values to
introduce variability. The resulting cell border images from these simula-
tions served as the foundation for performing the biophysically motivated
synthesis with SimOptiGAN+, Mem2NucGAN-P, and Mem2NucGAN-
U. Each corresponding deep-learning model was trained only once due to
the large number of models and the extensive training time required.

Statistical analysis was conducted to compare differences in mean
performance among the tested segmentation models. Each StarDist seg-
mentation model was trained six times (n = 6), and performance was
evaluated based on the mean results from three ground truth patches
extracted from a single spheroid recording. A one-sided Welch’s t-test,
which does not assume equal variances or a normal distribution, was
employed due to the small sample size (n = 6), making the test more
conservative.An increase in sample sizewas not feasible due to the extensive
training time required for each model. Predefined significance levels were
set as follows: *p < 0.05, **p < 0.01, and ***p < 0.001.

Dataset
Samplepreparation. HT-29 colon cancer cells (ATCC)were cultured in
McCoy’s 5A medium (Capricorn) supplemented with 10 % FBS and 1 %
Pen/Strep and maintained in a humidified incubator at 37 °C with 5 %
CO2 fumigation. For spheroid generation, cells were detached using
Trypsin/EDTA and seeded onto the ULA plates at a concentration of
5 × 102 cells per well.

Spheroids (n = 10) were transferred after 4 days of culturing to
Eppendorf tubes, washed once with phosphate-buffered saline (PBS, Sigma
Aldrich), andfixedwith4%paraformaldehyde (PFA,CarlRoth) for 1h at 37
°C, followed by twowashes with PBS containing 1% FBS for 5min each. To
remove traces of fixative, spheroids were quenchedwith 0.5M glycine (Carl
Roth) in PBS for 1 h at 37 °C with gentle shaking. Spheroids were then
incubated for 30min in a penetration buffer containing 0.2%Triton X-100,
0.3 M glycine, and 20% DMSO (all Carl Roth) in PBS to enhance the
penetration of antibodies and nuclear stains. Spheroidswere then incubated
in a blocking buffer (0.2% Triton X-100, 1% BSA, 10%DMSO in PBS) for 2
h at 37 °C with gentle shaking. Samples were then stained with SiR-actin
(Spirochrome/Tebubio SC001, 1:1000) and DAPI (Sigma Aldrich D9542-
1MG, 1:1000) ON at 37 °C in antibody buffer (0.2% Tween 20, 10 μg/mL
heparin (both Sigma-Aldrich), 1% BSA, 5% DMSO in PBS) with gentle
shaking. Samples were then washed 5 times for 10 min each in wash buffer
(0.2% Tween-20, 10 μg/mL heparin, 1% BSA) with gentle shaking and
cleared with FUnGI clearing solution (50% glycerol (vol/vol), 2.5 M fruc-
tose, 2.5 M urea, 10.6 mM Tris Base, 1 mM EDTA) ON as previously
described8. Cleared samples were transferred to 18-well μ-slides (Ibidi) in

the same solution and kept in the microscope room for several hours to
allow for temperature adjustment.

TheHT-29 colon cancer cell line used in our study is not listed in the
ICLAC database of commonly misidentified cell lines. The cells were
obtained from the American Type Culture Collection (ATCC), a repu-
table and widely recognized source for authenticated cell lines. In our
laboratory, we routinely test all cell lines, including HT-29, for myco-
plasma contamination to ensure the integrity of our experimental
results. Additionally, the HT-29 cell line has been authenticated using
Short Tandem Repeat (STR) profiling, following the global standard
ANSI/ATCC ASN-0002.1-2021, to confirm its identity and eliminate
concerns about misidentification.

Imaging and data description. Spheroids were imaged using an
inverted Leica TCS SP8 confocal microscope (Leica Microsystems CMS,
Mannheim, Germany) equipped with an HC PL APO 20× /0.75 IMM
CORR objective, 488 nm, 561 nm, and 633 nm lasers, and Leica Appli-
cation Suite X software. All image stacks were acquired with comparable
settings, using Immersion Type F (Leica Microsystems, RI 1.52) as
immersion fluid, with a resolution of 1024 × 1024 px2, a z-step size of 1
μm, a laser intensity of 1 → 1.5% and a gain setting of 600 to avoid
overexposure of pixels. All image stacks were acquired with
z-compensation to compensate for depth-dependent signal loss.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
Real and resulting synthetic image data, trained models, segmentation
results, along with the ground truth data employed in this paper, are
available at Zenodo: https://doi.org/10.5281/zenodo.1124036250. Data not
included in this repository are available from the corresponding author
upon reasonable request. The sourcedata behind the graphs in thepaper can
be found in Supplementary Data 1.

Code availability
The code for the presented methods, as well as for the evaluation metrics,
can be found on GitHub: biophysical simulation: https://github.com/s-
sauer/tissue-simulation-pipeline, cell data synthesis and evaluation: https://
github.com/bruchr/cell_synthesis51.
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