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SUMMARY
Cells are among the most dynamic entities, constantly undergoing processes like growth, division, move-
ment, and interaction with their environment and other cells. Time-lapse microscopy is central to capturing
these dynamic behaviors, providing detailed spatiotemporal information at single-cell resolution in real time.
Although deep learning has transformed cell segmentation, cell tracking remains challenging due to limited
annotated time-lapse data. To address this, we introduce tGAN, a generative adversarial network (GAN)-
based time-lapse microscopy generator that enhances the quality and diversity of synthetic annotated
time-lapse microscopy data. Featuring a dual-resolution architecture, tGAN accurately captures both low-
and high-resolution cellular details essential for accurate tracking. Our results show that tGAN generates
high-quality, realistic annotated time-lapse videos with high temporal consistency and fine details. Impor-
tantly, annotated videos generated by tGAN enhance the performance of recent cell tracking models,
reducing reliance on manual annotations. tGAN enhances deep learning’s impact on bioimage analysis,
enabling more generalizable cell tracking models.
INTRODUCTION

Time-lapse microscopy, a crucial tool in cell biology, captures

the dynamics of cellular processes with high temporal resolution

at single-cell level. However, the analysis of time-lapse images

poses significant challenges, particularly in tracking cells over

time.1 A key hurdle in this process is the lack of annotated data-

sets, which are vital for training deep learning models to accu-

rately segment and track individual cells over time.2 Annotated

time-lapse microscopy images are indispensable for under-

standing cellular mechanisms and responses, yet creating

such datasets is often labor intensive and requires expert

knowledge.

Recent advancements in deep learning, particularly in genera-

tive adversarial networks (GANs),3 offer an unprecedented op-

portunity for the generation of realistic synthetic data.4,5 GAN

models, known for their ability to generate highly realistic syn-

thetic data, have found applications across a wide range of dis-

ciplines, from art creation to medical imaging.6–8 GAN models

provide innovative solutions to simulate realistic biological

data, which is essential for training and testing analytical

models.9 Among these applications, the generation of synthetic

cell images from time-lapse microscopy using deep learning
iScience 28, 112225, A
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models, especially GANs, stands out as a particularly promising

area.10 These models offer new avenues for research in cell

biology, enabling the creation of detailed and accurate represen-

tations of cellular processes.

To address the paucity of annotated time-lapse microscopy

images, we introduce a video-to-video generative approach de-

signed to produce annotated time-lapsemicroscopy videos. Our

time-lapse generative model, termed tGAN, converts binary

mask image sequences into corresponding high-resolution, syn-

thetic images of cells. In addition to the generation of realistic

time-lapse videos of cells, tGAN can be used to train cell tracking

models with limited annotated datasets. The model offers a sig-

nificant advancement in the automated generation of annotated

time-lapse microscopy datasets, facilitating more efficient and

accurate analysis of cellular dynamics.

RESULTS

Designing a novel GAN-based super-resolution video-
to-video generator
The architectural design of our video-to-video generative

model is central to its performance. Our design is characterized

by its two-part structure, encompassing both video-to-video
pril 18, 2025 ª 2025 The Author(s). Published by Elsevier Inc. 1
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Figure 1. Overview of the proposed GAN-based generator

(A) Illustration of the two-part inference architecture: This includes both the low-resolution video-to-video and super-resolution image-to-image models, where

the initial phase generates low-resolution time-lapse microscopy image sequences to capture essential cellular dynamics, followed by the super-resolution

phase that refines these sequences into more detailed and high-quality images.

(legend continued on next page)
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low-resolution and image-to-image super-resolution models

(Figure 1A). While the low-resolution model adequately captures

the dynamics of time-lapse microscopy videos, our independent

super-resolution model further enhances the quality of synthetic

images by adding morphological details to single cells. This two-

part structure is designed to optimize computational efficiency

and precision. Since the low-resolution model training process

involvesmultiple subunits such as discriminators, flow networks,

and the video-to-video generator (Figure 1B), integrating all

these elements at a high resolution would significantly increase

computational costs and could potentially degrade the perfor-

mance and training efficiency of the generator. Therefore, we

initially trained the video-to-video generator in low resolution,

achieving higher accuracy with less computational overhead.

Subsequently, we trained a GAN-based super-resolution model

(Figure 1C) to refine the video-to-video model outputs to high

resolution, enhancing the quality and adding additional morpho-

logical details to cells for applications requiring high fidelity. This

sequential approach not only ensures detailed, high-quality out-

puts but also maintains manageable computational demands,

facilitating more efficient processing and superior performance

in scenarios that require detailed, high-resolution images.

The low-resolution video-to-video generator, inspired by 2D-

UNET architecture,11 accepts multiple inputs, including current

n (for example, two) consecutive mask frames, a previously

generated cell frame (at t-Ƭ), and a consistent reference back-

ground image, ensuring context-aware and consistent back-

ground generation (Figures 1BandS2). One of the distinctive fea-

tures of this phase is the inclusion of a reference background

image. Incorporating a reference background image in our low-

resolution GAN model enhances contextual accuracy to ensure

consistency in background features. By increasing the variability

of background visual features in synthetic samples, tGAN can

accommodate various real-world scenarios like variable back-

ground noises, debris, or optical artifacts, which are relatively

common inmicroscopy images. This approach enriches the real-

ism and detail of the generated images, which is crucial for pre-

cise analysis in applications such as time-lapse microscopy,

where background features can change over time. The integra-

tion of attention layers allows for adaptively integrating visual fea-

tures from threemodel inputs. The inclusion of style and noise in-

jection into the decoding path adds variability and realism to the

generated images, as we have validated in our prior research.12

Transitioning to thesuper-resolutionphase,our image-to-image

generator employs an enhancedUNET-based architecture, incor-

porating style and noise injection for refining textural details and

aesthetic elements, addingfinerdetails and thus resulting inhigher

quality andmoredetailed images (Figures 1CandS3).While, inour

experiments,we targeteda high resolutionof 5123768 for the su-

per-resolution model output, our model is adaptable and can be

easily configured to achieve higher resolutions by adjusting its hy-

perparameters. The discriminators, designedwith aPatchGANar-

chitecture13 and enhanced with a linear attention layer,14 effec-
(B) Low-resolution video-to-video training process: showcasing the sequence-b

ponents.

(C) Super-resolution image-to-image training process: highlighting the approach a

thereby producing scientifically accurate and visually high-resolution images.
tively distinguish fine details in images (Figures 1B and S4). This

enhances the model’s accuracy in differentiating between real

and synthetic images. In the training process of the video-to-video

generator, alongside the GAN and discriminator models, we

concurrently trained and used a FlowNet (Figures 1B and S5) de-

signed to calculate and integrate flow loss into the training regime.

This FlowNet plays a crucial role in determining the optical flow

loss,15 comparing motion between consecutive frames in both

real and generated sequences. This is essential for preserving

the dynamic nature of cell movements in time-lapse microscopy.

The optical flow loss computed by our FlowNet ensures that the

temporal coherence andmotion consistency of generated images

align closely with actualmicroscopy sequences. However, it is not

incorporated in the super-resolution model, which concentrates

on image-to-image translation rather than the generation of video

sequences, thereby making flow consistency less relevant in that

context.

We selected loss functions, including temporal consistency

and perceptual losses, which ensure temporal coherence and vi-

sual similarity between generated and real images (Equations 1,

2, and 3). Throughout the training process, we also employed

augmentation strategies, including video-level augmentations

for general model training, as well as video-level differentiable

augmentations16 for the discriminators (Figures S6A and S6B).

These augmentations enhance the model’s robustness and pre-

vent overfitting, especially when the training dataset size is

limited, as we have shown previously.12

Our tGAN model leverages real binary masks to generate syn-

thetic time-lapse cell images, using these real masks of specific

cell types to create synthetic videos as augmented data. It uses

the real masks of specific cell types to generate synthetic time-

lapse videos that serve as augmented versions of real data. In

this case, both real and synthetic sequences share the same bi-

nary masks but differ in their visual features. To increase the di-

versity of real binary masks and, consequently, the diversity of

the corresponding synthetic sequences, one can enhance exist-

ing real masks without generating entirely new ones. This can be

achieved by applying conventional augmentations such as rota-

tions, sequence splitting, and morphological operations (e.g.,

erosion and dilation) to individual cell regions within frames.

These targeted modifications will increase the diversity and

robustness of the dataset, strengthening model training on

limited annotated data without requiring a fully trainable model

for mask generation.

Benchmarking tGAN performance for generation of
annotated video frames
To evaluate the performance of our model, we compared our

model with the vid2vid model,17 a notable example among

state-of-the-art video-to-video generative models (Table 1).

The vid2vid framework is particularly relevant for our compara-

tive analysis as it is among very few publicly available generative

models capable of converting mask scene sequences into
ased approach and the integration of various inputs and deep learning com-

nd models used for refining textural details and enhancing aesthetic elements,

iScience 28, 112225, April 18, 2025 3



Table 1. Comparative assessment of model performance, tGAN

vs. vid2vid

Method FVD (Y) SSIM ([) PSNR ([) LPIPS (Y)

Mouse embryonic stem cells21

vid2vid [17] 44.18 0.81 25.31 0.36

tGAN (ours) 8.83 0.95 32.58 0.19

Bronchial epithelial cells21

vid2vid [17] 47.32 0.83 26.61 0.35

tGAN (ours) 17.21 0.90 28.42 0.25

Mouse C2C12 muscle progenitor cells21

vid2vid [17] 12.72 0.73 19.19 0.36

tGAN (ours) 14.93 0.89 23.14 0.21

PhC-C2DH-U37322

vid2vid [17] 8.86 0.88 25.91 0.25

tGAN (ours) 6.43 0.91 26.58 0.18

PhC-C2DL-PSC22

vid2vid [17] 127.58 0.51 10.03 0.39

tGAN (ours) 98.27 0.84 15.68 0.13

This table presents a comparison of our model’s performance across five

different cell-type image sequences against the vid2vid model,

measuring different video similarity metrics.
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realistic scene sequences and generating high-resolution video

frames. We used the structural similarity index (SSIM) and

peak signal-to-noise ratio (PSNR) to compare image quality

and similarity to real frames between the vid2vid and the

models.18 Additionally, we utilized the Frechet video distance

(FVD)19 metric with a pre-trained Inception_v3 to measure the

distributional similarity between generated and real images,

providing insights into the perceptual quality of tGAN’s outputs.

To evaluate the temporal coherence of generated video se-

quences, we adopted specific metrics designed to assess the

smoothness and continuity of changes across frames. Finally,

the perceptual image patch similarity (LPIPS) metric20 was

used to gauge the perceptual resemblance of generated images

to real ones, ensuring that tGAN’s outputs align closely with hu-

man visual judgment. Together, these metrics provided a robust

framework for evaluating and benchmarking our model for

video-to-video generation tasks. As presented in Table 1, our

tGAN model obtained better performance across almost all the

metrics and five cell types when tested on the DeepSea21 and

Cell Tracking Challenge22 dataset time-lapse image sequences.

Figure 2 showcases examples of two consecutive frames gener-

ated by our tGAN for each of the three DeepSea cell types, which

are compared with the corresponding outputs from the vid2vid

model. tGAN-generated images successfully capture realistic

details of the cell bodies, including features like the nucleus, as

well as the nuances of the background, demonstrating the

model’s effectiveness in rendering intricate biological structures.

Figure S1 showcases an example of performance of our tGAN

output with the vid2vid model, specifically focusing on the ability

to replicate fine visual features of single stem cells. This compar-

ison highlights the intricacies and effectiveness of each model in

capturing detailed cellular characteristics. In Figure 3, we also

present the capability of our proposed approach in generating
4 iScience 28, 112225, April 18, 2025
cell image sequences against a variety of backgrounds given

two reference background images. As shown, these back-

grounds are precisely referenced from the reference background

image used in the low-resolution video-to-video model, high-

lighting our method’s adaptability in replicating diverse cell envi-

ronmental settings.

To test the stability of tGAN over time, we analyzed the FVD

score against the length of the tGAN-generated video in frames

(Figure 4). We observed that the FVD scores exhibited only a

slight fluctuation, approximately 1 FVD unit, when comparing

videos ranging from 10 to 30 frames in length. This consistency

in FVD scores, regardless of video length, underscores our tGAN

model’s stability and reliability in generating high-quality video

sequences over varying durations.

We noticed that the tGAN training dataset (DeepSea and Cell

Tracking Challenge datasets) predominantly contained low-

and mid-density cell image sequences, which led us to investi-

gate if our model could generate synthetic high-density cell

videos of cells, a type not seen during training. This aspect is

crucial as manual annotation of high-density microscopy

videos is laborious and prone to errors. Therefore, we devel-

oped an algorithm specifically for creating synthetic high-den-

sity and colony-like time-lapse binary mask images for this

experiment (as described in the STAR Methods section), which

is comparatively straightforward using conventional image pro-

cessing techniques. These were then used as inputs for our

tGAN generator during testing. We demonstrated that tGAN

could successfully extrapolate from low- and mid- to high-den-

sity images, validating its ability to produce a broad spectrum

of realistic cell images and highlighting its potential in various

applications (Figure 5).

Together, these findings demonstrate that tGAN can generate

videos of cells with morphological details and temporal coher-

ence similar to that of real videos of cells and across different an-

notated time-lapse microscopy datasets, further emphasizing

the robustness and versatility of our approach.

Evaluating synthetic data from tGAN with cell tracking
models
To assess the practical utility of our tGAN-generated synthetic

data, we conducted an evaluation using two established cell

tracking models in an inference-only setup. The primary goal of

this assessment was to determine how well the synthetic time-

lapse videos generated by tGAN align with real annotated micro-

scopy data in supporting cell tracking tasks.

This assessment is conducted using the DeepSea cell

tracker21 and Bayesian tracker (btrack),23 comparing the results

to real annotated time-lapse videos from the DeepSea dataset.

We chose btrack as a baseline due to its robust performance in

various cell tracking tasks, particularly in challengingmicroscopy

datasets with complex cell behaviors. Unlike deep learning-

based models, btrack employs a Bayesian framework to proba-

bilistically estimate cell trajectories by incorporating prior knowl-

edge of cell dynamics, division rates, and lineage probabilities.

This makes it highly effective in dense and noisy microscopy

data, where large annotated datasets are scarce. The evaluation

leverages various object-tracking metrics that we described in

our previous research,21 allowing for a detailed comparison of



Figure 2. Synthetic cell images, tGAN vs. vid2vid

The examples of two consecutive synthetic cell images generated by our proposed tGAN model compared to the vid2vid model outputs. (A) Mouse embryonic

stem cells. (B) Bronchial epithelial cells. (C) Mouse C2C12 muscle progenitor cells.
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each cell tracking model’s performance. This evaluation focuses

on how closely our model’s tracking scores align with the ground

truth annotated cell image sequences and align with our primary

objective, which is to develop aGANmodel capable of producing

realistic annotated time-lapse microscopy images, addressing

the scarcity of annotated data for training the sequence-based

deep learning models, such as cell trackers.
As shown in Tables 2 and 3, the DeepSea tracker showed

overall slightly better results than btrack in all cases, likely

because the model is already trained on the DeepSea

dataset samples. More importantly, our tGAN model shows

better and closer results to real annotated time-lapse micro-

scopy cell images compared to the vid2vid model. This con-

firms that the video frame sequences generated by our
iScience 28, 112225, April 18, 2025 5



Figure 3. Varying reference backgrounds

Examples of applying different reference back-

ground images for the same sample.
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tGAN model possess more realistic static and dynamic struc-

tures across frames, further validating the effectiveness of our

approach in producing high-quality synthetic imagery.
tGAN-generated videos enhance performance of cell
tracking models
The scarcity of annotated data for training sequence-based

deep learning models, such as cell trackers, limits the applica-

tion of deep learning methods for microscopy analysis. We

aimed to determine whether videos generated by tGAN could

enhance performance of cell tracking models, thereby address-
Figure 4. FVD variation with video length

Frechet video distance (FVD) scores across different video lengths for three

DeepSea cell-type time-lapse video frames.

6 iScience 28, 112225, April 18, 2025
ing the shortage of annotated time-lapse

videos for training cell tracking models.

To investigate the potential of synthetic

data in enhancing cell tracking perfor-

mance, we designed an additional set of

experiments to evaluate the impact of us-

ing tGAN-generated videos as supple-

mentary training data. We used two cell

tracking models, the DeepSea21 and

TrackAstra,24 focusing on three training

scenarios: first, training on only 25% of

the real dataset (limited real training

data); second, using the entire real data-

set (full real training data); and third,

training the models on a combination of

the same limited real dataset from the

first scenario and the synthetic data
generated by tGAN (limited real training data + synthetic training

data), where tGAN itself was trained exclusively on the same

limited real dataset, resulting in a total sample count matching

the full real dataset scenario. To ensure robustness, each exper-

iment was repeated five times with different random splits of the

limited dataset, following a 5-fold cross-validation approach.

The models were then tested on unseen real test data to assess

their generalization capabilities.

As outlined in Table 4, augmenting the limited dataset with

tGAN-generated data significantly improved tracking perfor-

mance Multiple Object Tracking Accuracy (MOTA) score

compared to using limited real data alone. Moreover, the results

approached those obtained by training on the full real annotated

dataset. Overall, the DeepSea tracker performed better than

TrackAstra across all scenarios, likely due to prior optimization

of DeepSea on the dataset. These findings demonstrate the

effectiveness of tGAN in generating synthetic data that can

enhance training when real data are scarce, reducing the depen-

dency on labor-intensive annotations while maintaining robust

tracking accuracy.

Ablation studies on model components
To further validate the effectiveness of the architectural compo-

nents in our tGAN model, we conducted a series of ablation ex-

periments. The goal of these experiments was to evaluate the

impact of key design elements on the performance of our model,

particularly in enhancing cell tracking accuracy and maintaining

the fidelity of generated time-lapse microscopy sequences. For

this analysis, we focused on the mouse embryonic stem cells

(mESCs) from our DeepSea dataset, assessing the effect of

each component using various quantitative metrics, including

MOTA, SSIM, PSNR, and FVD. mESCs dataset includes enough

training samples that represent a challenging yet well-annotated

dataset that includes diverse cell behaviors, such as dynamic

cell movements, proliferation, and interactions. This complexity



Figure 5. Synthetic colony-like and high-density cell images

The examples of producing synthetic colony-like (A) and high-density (B) time-lapse cell video frames generated by tGAN from synthetic binary masks.
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makes it an ideal candidate for assessing the impact of various

architectural components on the performance of our tGANmodel.

The results, summarized in Table 5, demonstrate that FlowNet

loss is the most critical component for maintaining the temporal

coherence of generated sequences, as evidenced by a signifi-
cant increase in FVD scores (from 8.83 to 12.27) and a substan-

tial decrease in MOTA (from 0.93 to 0.86) when it is removed.

This indicates that FlowNet loss plays a crucial role in preserving

smooth temporal transitions, which are essential for accurate

cell tracking. In contrast, removing the reference background
iScience 28, 112225, April 18, 2025 7



Table 2. Evaluation of synthetic time-lapse sequences with

DeepSea cell tracking

Time-lapse test sequences

MOTA

([)

MT

([)

ML

(Y)

Precision

([)

Recall

([)

Mouse embryonic stem cells21

Real 0.90 0.82 0.02 0.96 0.94

Synthetic vid2vid 0.73 0.57 0.09 0.94 0.81

Synthetic tGAN 0.93 0.90 0.01 0.97 0.98

Bronchial epithelial cells21

Real 0.93 0.94 0.02 0.96 0.98

Synthetic vid2vid 0.88 0.88 0.03 0.89 0.90

Synthetic tGAN 0.91 0.92 0.03 0.95 0.97

Mouse C2C12 muscle progenitor cells21

Real 0.80 0.64 0.03 0.93 0.89

Synthetic vid2vid 0.52 0.23 0.25 0.74 0.64

Synthetic tGAN 0.76 0.60 0.06 0.94 0.85

Quality evaluation of synthetically generated time-lapse microscopy se-

quences using DeepSea Cell tracking model, measuring different ob-

ject-tracking metrics.
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primarily affects visual consistency, resulting in a noticeable

drop in SSIM (from 0.95 to 0.87) and PSNR (from 32.58 to

28.90), with a comparatively smaller impact on MOTA (from

0.93 to 0.90). These results confirm that, while the reference

background enhances image quality, it is less critical for tracking

performance compared to maintaining temporal coherence

through FlowNet loss.
DISCUSSION

A foundational aspect of developing deep learning models,

particularly in the field of biomedical imaging, is the availability
Table 3. Evaluation of synthetic time-lapse sequences with

btrack

Test set

MOTA

([)

MT

([)

ML

(Y)

Precision

([)

Recall

([)

Mouse embryonic stem cells21

Real 0.85 0.80 0.02 0.93 0.94

Synthetic vid2vid 0.73 0.51 0.18 0.86 0.84

Synthetic tGAN 0.92 0.90 0.01 0.96 0.97

Bronchial epithelial cells21

Real 0.84 0.75 0.25 0.87 0.98

Synthetic vid2vid 0.78 0.52 0.12 0.79 0.95

Synthetic tGAN 0.83 0.73 0.27 0.86 0.96

Mouse C2C12 muscle progenitor cells21

Real 0.80 0.62 0.04 0.93 0.88

Synthetic vid2vid 0.53 0.23 0.25 0.74 0.63

Synthetic tGAN 0.75 0.56 0.09 0.93 0.81

Quality evaluation of synthetically generated time-lapse microscopy se-

quences using btrack model, measuring different object-tracking met-

rics.
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of a large and diverse annotated dataset. However, the creation

of such datasets for microscopy images is often hindered by the

laborious and time-consuming nature of manual annotation. Ad-

dressing this bottleneck, our study introduced tGAN, a GAN-

based super-resolution video generator, designed to generate

synthetic microscopy videos to address the scarcity of anno-

tated live microscopy datasets, a field that demands high accu-

racy and detail in image processing. tGAN effectively circum-

vents the need for extensive manual annotation, generating

realistic and diverse sets of synthetic annotated time-lapse cell

images. Our study introduces a new approach to enhance the

breadth of available training data for live microscopy to signifi-

cantly boost the performance of segmentation and tracking

models, particularly in scenarios with limited annotated

datasets.

The model’s two-part structure adeptly handles both low-res-

olution and high-resolution image generation, a design choice

that has proven valuable for tGAN to be computationally effi-

cient. The integration of style and noise injection enhances the

realism and morphological details of the images generated by

tGAN. In addition, the inclusion of a reference background image

ensures the adaptability of tGAN to diverse time-lapse scenarios

with different background characteristics. We included different

cell types in our study to demonstrate the performance of tGAN

in a variety of challenging cell imaging scenarios. Our model’s

superior performance in generating high-quality, realistic time-

lapse microscopy videos, as evidenced by its outperformance

of state-of-the-art models, underscores its effectiveness in

handling complex microscopy images. This success is quantita-

tively supported by comprehensive metrics, which collectively

affirm the model’s superiority in image quality, temporal coher-

ence, and perceptual accuracy. Notably, our model’s ability to

generate annotated time-lapse microscopy images to enhance

the performance of tracking models marks a useful and novel

advancement in the field. tGAN is also able to generate synthetic

video cells with high density, which can address challenges

associated with manual annotation of high-density cell videos

for the development of segmentation and tracking models. By

generating synthetic high-density cell binary masks and using

them as the model inputs in the test phase, we demonstrated

the model’s capacity to extend its application beyond the condi-

tions experienced during training. This extrapolation is a prac-

tical benefit that can help reduce the time and effort required

for manual annotation. Additionally, our experiments showed

that using tGAN-generated videos as supplementary training

data for cell tracking models improved tracking performance,

even with limited real data. The augmented datasets achieved

results close to those obtained with full real datasets, high-

lighting tGAN’s potential to reduce the reliance on extensive

manual annotations while maintaining robust tracking accuracy.

In conclusion, our tGAN model stands as a valuable tool with

novel applications in microscopy imaging, capable of generating

high-quality synthetic annotated time-lapse cell images across a

spectrum of densities and cell types.

Limitations of the study
While our tGAN model shows promise in generating high-quality

synthetic annotated time-lapse cell images, it has several



Table 4. Comparison of MOTA scores with real data and tGAN-augmented data

Tracking model Limited real training data Full real training data

Limited real training data +

synthetic training data

Mouse embryonic stem cells21

TrackAstra 0.79 ± 0.02 0.85 ± 0.01 0.86 ± 0.01

DeepSea 0.87 ± 0.03 0.94 ± 0.02 0.94 ± 0.02

Bronchial epithelial cells21

TrackAstra 0.86 ± 0.01 0.89 ± 0.01 0.88 ± 0.01

DeepSea 0.90 ± 0.01 0.93 ± 0.01 0.93 ± 0.01

Mouse C2C12 muscle progenitor cells21

TrackAstra 0.73 ± 0.01 0.80 ± 0.01 0.77 ± 0.01

DeepSea 0.81 ± 0.02 0.86 ± 0.01 0.84 ± 0.02

Comparative tracking performance (MOTA scores) using limited real data, full real data, and synthetic data augmentation with tGAN.
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limitations. First, the model is trained and evaluated on a limited

number of datasets (DeepSea and Cell Tracking Challenge) and

may not generalize to all cell types or imaging conditions. Sec-

ond, tGAN currently relies on real binary masks to guide the gen-

eration process, making it less applicable for scenarios where

annotated masks are sparse or unavailable. Third, although we

demonstrated the model’s ability to extrapolate to higher cell

densities, further investigations are required to confirm its

robustness across extremely dense or highly heterogeneous

cellular contexts. Additionally, our two-stage training approach,

involving super-resolution, increases computational overhead,

which may hinder large-scale or real-time applications. Future

work could focus on improving themask generation process, ex-

tending the model to more diverse imaging modalities and opti-

mizing computational efficiency to address these constraints.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be

directed to the lead contact, Ali Shariati (alish@ucsc.edu).

Materials availability

All unique/stablematerialsgenerated in thisstudyareavailable fromthe leadcon-

tact upon reasonable request with a completed Materials Transfer Agreement.

Data and code availability

d The image datasets utilized in our study are publicly available via a link

on our GitHub repository, https://github.com/abzargar/tGAN, facili-

tating easy access for replication and further research efforts.
Table 5. Ablation metrics for mESCs, removing architectural

components

Component removed MOTA ([) SSIM ([) PSNR ([) FVD (Y)

Baseline (full model) 0.93 0.95 32.58 8.83

No reference background 0.90 0.87 28.90 10.50

No style and noise injection 0.89 0.89 29.50 10.45

No PatchGAN attention 0.91 0.92 31.10 9.75

No FlowNet loss 0.86 0.91 30.75 12.27

Comparative metrics for mouse embryonic stem cells with ablation of

architectural components.
d The Python scripts encompassing themethodologies we developed are

publicly accessible for download at our GitHub repository: https://

github.com/abzargar/tGAN.

d Any additional information required to reanalyze the data reported in this

work paper is available from the lead contact upon reasonable requests.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

Vid2vid Wang et al.17 https://github.com/NVIDIA/vid2vid

DeepSea Zargari et al.21 https://deepseas.org/

Cell Tracking Challenge Maska et al.22 https://celltrackingchallenge.net/

Btrack Ulicna et al.23 https://github.com/quantumjot/btrack

TrackAstra Gallusser et al.24 https://github.com/weigertlab/trackastra

tGAN This paper https://github.com/abzargar/tGAN

Zenodo https://doi.org/10.5281/zenodo.14911707
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Cell lines
We used published microscopy data of to develop our tGAN model. All the dataset are described in the method details section.

Animal models
We didn’t use animal models in this study.

Human participants
We didn’t have human participants in this study.

Plant models
We didn’t use plant models in this study.

Microbial models
We didn’t use microbial models in this study.

METHOD DETAILS

Datasets
In our study, we utilized two distinct training datasets from time-lapse microscopy, each representing different cell types, to ensure

the robustness and generalizability of our proposed generative model across various biological contexts. These datasets are 1) Our

recently published annotated dataset of phase-contrast images from the DeepSea collection,21 which includes a large set of accu-

rately annotated phase-contrast time-lapse microscopy images of three cell types: Mouse Embryonic Stem Cells, Bronchial Epithe-

lial Cells, andMouse C2C12Muscle Progenitor Cells. 2) The Cell Tracking Challenge dataset (CTC),22 a repository of 2D and 3D time-

lapse sequences of fluorescent images featuring different cell types, such as PSC and U373 cells.

The selection of datasets was driven by the need to evaluate the robustness and adaptability of the tGAN model across diverse

microscopy scenarios. The DeepSea dataset includes well-annotated phase-contrast time-lapse microscopy images, providing a

solid foundation for testing our model’s ability to generate realistic synthetic sequences. In contrast, the Cell Tracking Challenge

(CTC) dataset serves as a benchmark in the field, offering challenging microscopy videos across various imaging modalities (e.g.,

fluorescence, phase-contrast) and cell types (e.g., epithelial cells, stem cells, muscle progenitor cells). For our experiments, we spe-

cifically chose cell types from the CTC dataset that had a sufficient number of samples. This selection ensured robust training and

evaluation, allowing us to effectively assess the impact of tGAN-generated synthetic data on enhancing cell tracking models.

Low-resolution video-to-video generative model overview
As illustrated in Figures 1B and S2, our low-resolution model is a sequence-based architecture inspired by the 2D-UNET design,

which is widely used for image segmentation tasks.11 This architecture was selected for its ability to capture detailed spatial features

while preserving efficient processing speeds, which is crucial for generating time-lapse microscopy sequences. The model pro-

cesses three distinct types of input: the current consecutive mask images (e.g., two consecutive mask images), the previously gener-

ated synthetic cell image, and a consistent background image that serves as a reference for background visual features. The mask
iScience 28, 112225, April 18, 2025 e1
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sequences act as the driving force, guiding the synthesis of cell images that are subsequently superimposed onto the reference back-

ground. This approach ensures realistic, context-aware generation of cell images, preserving background consistency across

sequences.

Central to our model’s architecture is the incorporation of specialized attention layers. These layers are strategically positioned to

merge features from the three encoded inputs adaptively at multiple down-sampling stages. The attention mechanism was incorpo-

rated to enhance feature relevance by directing focus toward the most critical features in each input, which we observed improves

the detail and consistency of generated images. This suggests that attention layers play a key role in achieving spatial fidelity and

relevance in synthetic images.

In addition to structured feature integration, our model applies style and noise injection techniques in the decoding pathway,

inspired by principles from neural style transfer.25 The style and noise injections introduce controlled variability and texture that

closely match the biological detail required for realistic microscopy images. As demonstrated in our previous research,12 adding style

and noise variability into the decoding path of UNET leads to visually richer synthetic images with enhanced texture. This approach

was selected after initial experiments showed that excluding these injections led to synthetic outputs that lacked textural diversity

and biological detail. The model’s ability to process and integrate multiple input types, combined with the strategic use of attention

mechanisms and style injections, positions it as a novel approach in synthetic image generation for time-lapse microscopy.

Super-resolution image-to-image generative model overview
Following the generation of low-resolution synthetic cell image sequences, our approach employs a super-resolution generative

model to further refine and enhance these synthetic images (Figures 1C and S3). This super-resolution model, similar to its low-res-

olution counterpart, is built on a UNET-based architecture11 but with additional enhancements. This model similarly integrates style

and noise injection techniques in its decoding path, which is influenced by StyleGAN principles.25 The style and noise injection signif-

icantly enhance the textural details and stylistic elements, contributing to the generation of more realistic and aesthetically consistent

images, as demonstrated in our previous research.12 The architecture features a sequence of encoder blocks that increase feature

map depth, capturing intricate cell details. This is followed by a bottleneck process that prepares these features for nuanced recon-

struction. In the decoder stages, the model combines upsampled features with style and noise information, progressively enhancing

image resolution and quality. An additional upsampling layer in the decoder further increases the output resolution to 512x768, which

can be adjusted to higher resolutions by modifying the model parameters.

Discriminator architecture overview
The discriminator plays a pivotal role in distinguishing between real and generated images. We have chosen the PatchGAN architec-

ture for the discriminator of both low-resolution and high-resolution training, enhancedwith the addition of a linear attention layer in its

early layers (Figures 1 and S4). This architecture and the inclusion of specific components are deliberate choices aimed at optimizing

the discriminator’s performance. PatchGAN is known for its effectiveness in distinguishing fine details in images, making it a good

choice for our purposes.13 Unlike traditional discriminators that classify an entire image as real or fake, PatchGAN focuses on clas-

sifying smaller patches of the image. This approach is particularly beneficial for our model as it ensures that the generated images not

only look realistic on a macro scale but also maintain high fidelity in finer details. In the measurement of our low-resolution discrim-

inator loss, we employed a specific approach to enhance the model’s discriminative capability. At each training step, we concate-

nated the last n (e.g., two) real and synthetic (fake) frames along with their corresponding last two real binary mask frames. This

concatenation provides the discriminator with a more comprehensive context, allowing it to assess not just the individual frames

but also their temporal consistency and alignment with the binary masks. This technique is particularly effective in reinforcing the

discriminator’s ability to discern subtle differences between real and generated image sequences, thereby sharpening the adversa-

rial dynamic of the model.

The integration of a linear attention layer in the early layers of the discriminator is a beneficial approach. Attentionmechanisms have

gained popularity in various deep-learning applications for their ability to enhance model performance by focusing on relevant fea-

tureswhile ignoring irrelevant ones.14 The linear attention layer in ourmodel allows the discriminator to prioritize certain aspects of the

image, such as specific textures or patterns that are crucial for making accurate classifications. This focused approach improves the

model’s efficiency and accuracy in distinguishing real images from synthetic ones.

FlowNet architecture overview
In the training process of the low-resolution video-to-video generative model, we simultaneously trained a FlowNET model

(Figures 1B and S5), a specialized component designed to calculate and integrate flow loss. This flow loss is crucial for accurately

simulating the dynamics of cell movements, thereby enhancing the temporal consistency across video frames.15 We incorporated

this additional loss metric to optimize the generative model’s weight updates, specifically aiming to maintain temporal coherence

in the synthesized video sequences. This strategy ensures that the generated sequences not only mirror real-world temporal dy-

namics but also enhance the realism and scientific applicability of the generated images.

The optical flow loss, calculated by our FlowNET, is pivotal in maintaining the integrity of temporal dynamics across generated

frames, aligning these dynamics closely with real-world observations to enhance the realism and scientific utility of the synthetic im-

ages. It’s important to note, however, that the application of flow loss is selectively applied; it is not utilized in the high-resolution
e2 iScience 28, 112225, April 18, 2025
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model, which focuses primarily on enhancing image detail through image-to-image translation, thus reducing the need for temporal

consistency in that specific context.

Augmentation pipeline for training
We employed a robust augmentation pipeline to enhance the training of both the generators and discriminators. This process in-

volves applying a series of video-level augmentation functions to each training sample, designed to introduce variability and improve

the model’s generalization capabilities. As illustrated in Figure S6A, we applied somemostly used conventional image augmentation

functions, including random adjustments in histogram equalization, sharpness, brightness, and contrast, as well as horizontal and

vertical flips, cropping, saturation modifications, and the addition of Gaussian noise and blur. The training algorithm executes a

sequence of the provided augmentation functions for each cell and mask video pair with a pre-defined probability value ‘p_vanilla’.

In the requested augmentation pipeline, each function is randomly chosenwith a consistent probability of 50%and is also applied in a

randomized sequence.

In the training of GAN models, the limitations of conventional augmentation become apparent, particularly in its inability to signif-

icantly diversify the generated images when the training dataset size is limited. To address this challenge, the concept of differen-

tiable augmentation16 proves to be invaluable. This approach has also been validated in our previous research.12 Differentiable

augmentation applies the same random augmentations to both real and fake samples in a way that is differentiable with respect

to the model parameters. This approach encourages the discriminator to mitigate overfitting and improve training stability, making

it particularly beneficial for GANs trained with limited data, thus causing the generator to produce more diverse images, thereby

improving the overall image generation performance. In the training process, we ran five distinct differentiable video-level augmen-

tation functions, such as random contrast, brightness, cutout, translation, and saturation (Figure S6B). The application of each

augmentation is controlled by a predetermined probability variable, ‘p_diff’. To promote unbiased representation and randomness

in the training data, these augmentations are applied in a random sequence. Each function has an equal chance of being selected, set

at a 50% probability.

Synthetic high-density time-lapse binary mask sequence generation
To generate synthetic high-density binary mask sequences, we employed a multi-step process that leverages conventional image

processing techniques and augmentation strategies, rather than using a trainable deep learning model. The process is detailed as

follows:

1. Extracting Real Cell Masks: We began by extracting binary cell masks from an annotated dataset. These real masks were pre-

processed to enhance their diversity by applying basic augmentations, such as random rotations, horizontal and vertical flips.

This preprocessing step ensured that the extracted cell regions could later be used to generate synthetic masks with varying

visual features.

2. Generating the Initial High-Density Mask: The next step involved generating an initial high-density binarymask. To achieve this,

multiple extracted cell regions were combined and placed on a blank binary canvas. During this process, additional augmen-

tations (e.g., scaling, rotations, andmorphological operations like erosion and dilation) were applied to each cell region to intro-

duce further diversity. The placement of cells was performed randomly, guided by a weighted probability distribution to simu-

late either flat or colony-like patterns. This allowed us to generate masks with different cell densities, testing the model’s ability

to generalize to high-density inputs. The resulting high-density mask was saved as the initial frame of the time-lapse sequence.

3. Creating the Synthetic Time-Lapse Sequence: Once the initial high-density maskwas created, it served as the starting point for

generating a synthetic time-lapse sequence. To simulate realistic cell movements over time, we applied slight shifts, rotations,

and morphological changes to each cell region across multiple frames. Using connected component labeling, each cell region

was identified, and random transformations were applied to simulate natural cell movements. These transformations included

random shifts and rotations to simulate movement, morphological augmentations (e.g., erosion or dilation) to alter the shape of

individual cells, and collision avoidance checks to ensure that cells did not overlap with one another in subsequent frames.

This iterative process was repeated for each frame, with each new frame generated based on the previous one, thereby creating a

realistic sequence of cell dynamics. The final output was a sequence of frames that captured cell movements over time.

Loss functions and their rationale
We employed a combination of other critical loss functions (Equations 1, 2, and 3) to guide the models effectively during the training

process. These include perceptual (VGG) loss,26 L1 loss, and discriminator loss, each serving a specific purpose and contributing to

the overall performance and accuracy of the model. The perceptual (VGG) loss and the L1 loss, respectively, ensure perceptual and

pixel-wise similarity between the generated and real images. These losses focus on high-level features and granular accuracy. The

discriminator loss, Mean Squared Error (MSE), plays a dual role: for the generator, it gauges effectiveness in deceiving the discrim-

inator, and for the discriminator, it evaluates its capacity to differentiate real from synthetic images. This adversarial loss is key in

driving the generative process toward producing images that closely mimic real ones.
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We also, in the training process, assigned a specific weight (w1-w3) for each of these loss functions aiming to ensure a balanced

contribution during the optimization process. This weighting is crucial as it fine-tunes the impact of each loss function according to its

relevance and importance in the image generation task. It is important to note that we do not employ flow loss in the training process

of the super-resolution model, as the FlowNET, which calculates flow loss, is not utilized in this phase of the training. This decision is

based on the super-resolution model’s focus on image-to-image translation rather than temporal video sequence generation.

Low Res Gen loss = D MSE +w13Flow Loss+w23 L1 Loss+w33VGG Loss (Equation 1)

High Res Gen loss = D Fake MSE +w23 L1 Loss+w33VGG Loss (Equation 2)

D loss = 0:53D Real MSE + 0:53D Fake MSE (Equation 3)
QUANTIFICATION AND STATISTICAL ANALYSIS

To verify the reproducibility of our findings, we repeated some training and testing experiments using the cross-validation method.

We selected five random subsets for training, validation, and testing from the generated dataset and reported the average perfor-

mance metrics.
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