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Abstract

Object tracking in microscopy videos is crucial for understanding biological processes. While existing
methods often require fine-tuning tracking algorithms to fit the image dataset, here we explored an alternative
paradigm: augmenting the image time-lapse dataset to fit the tracking algorithm. To test this approach, we
evaluated whether generative video frame interpolation can augment the temporal resolution of time-lapse
microscopy and facilitate object tracking in multiple biological contexts. We systematically compared the
capacity of Latent Diffusion Model for Video Frame Interpolation (LDMVFI), Real-time Intermediate Flow
Estimation (RIFE), Compression-Driven Frame Interpolation (CDFI), and Frame Interpolation for Large
Motion (FILM) to generate synthetic microscopy images derived from interpolating real images. Our testing
image time series ranged from fluorescently labeled nuclei to bacteria, yeast, cancer cells, and organoids. We
showed that the off-the-shelf frame interpolation algorithms produced bio-realistic image interpolation even
without dataset-specific retraining, as judged by high structural image similarity and the capacity to produce
segmentations that closely resemble results from real images. Using a simple tracking algorithm based on
mask overlap, we confirmed that frame interpolation significantly improved tracking across several datasets
without requiring extensive parameter tuning and capturing complex trajectories that were difficult to resolve
in the original image time series. Taken together, our findings highlight the potential of generative frame
interpolation to improve tracking in time-lapse microscopy across diverse scenarios, suggesting that a
generalist tracking algorithm for microscopy could be developed by combining deep learning segmentation
models with generative frame interpolation.

Introduction

Tracking objects such as single cells and biological structures in microscopy images is a fundamental
challenge of time-lapse microscopy in biological and biomedical sciences. In cell biology, tracking is required
to study structures ranging from molecules to single cells that can follow complex trajectories [1,2]. Tracking
biological objects remains a challenge that often requires advanced mathematical modeling for different
datasets. In this work, we suggest a generalist approach to improve tracking by increasing the overlap of
biological objects across frames using generative deep learning frame interpolation.

Conventional microscopy tracking pipelines begin by segmenting individual objects in each frame of a time-
lapse series. Tracking then relies on linking these segmentations or “masks” over successive frames to
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consistently identify each object. The current standard for image segmentation is deep learning algorithms,
such as U-Nets and pixel flow-directed convolutional neural networks [3, 4, 5, 6]. Once images are correctly
segmented, tracking depends on the selection of an appropriate algorithm for the image dataset.

Most tracking algorithms depend on specific parameters to link the segmented masks of biological objects
across frames. Tracking approaches based on the Viterbi framework rely on optimizing linking distances and
assumptions about object velocity [7,8]. Advanced Bayesian or Gaussian mixture-based tracking models
necessitate motion models and estimator counts [9, 10]. Other widely used tracking approaches employ global
cost minimization via the Viterbi algorithm [7], probabilistic frameworks (e.g., Bayesian tracking [9]), or
Kalman filtering for motion prediction [11]. These methodologies often require parameter tuning to
accommodate variations in object density, overlap and occlusion, sampling frequency, and signal-to-noise
ratios [1]. Mathematical approaches to overcome this complexity include the u-track methods [12] and
automated tools for cell segmentation and tracking, such as ALFI [13], CellTraxx [14], ThirdPeak [15], and
TrackMate [16].

Given that most tracking approaches depend on parameters such as linking distances, allowable skipped
frames, or anticipated object speeds, one straightforward approach to improve tracking is to increase the
sampling rate to obtain higher object overlap in consecutive frames. Experimentally, however, increasing the
frequency of image acquisition can lead to phototoxicity or photobleaching, potentially perturbing biological
target processes and reducing data quality [17]. A post-acquisition solution to achieve higher temporal
resolution is frame interpolation, whereby information from consecutive real frames is used to produce
intermediate synthetic frames in between real frames. Content-Aware Frame Interpolation (CAFI) and related
algorithms use deep learning frame interpolation [17, 18, 19] for enhancing super-resolution imaging [16, 17],
improve contrast in cryo-transmission electron microscopy [20, 18, 17], multi-resolution data fusion [21, 22],
deconvolution [23, 24, 25], surface projection [26, 27], and denoising [28,29,30]. However, exploiting
generative frame interpolation to augment microscopy time series to improve tracking remains relatively
underexplored.

In this work, we explored whether augmenting image time series through generative frame interpolation
simplifies the tracking of biological objects (Fig. 1 A,B). We evaluated whether generative deep learning-
based frame interpolation methods can produce bio-realistic microscopy images to facilitate tracking across
diverse microscopy datasets. We employ four deep learning frame interpolation algorithms: Latent Diffusion
Model for Video Frame Interpolation (LDMVFI)[31], which leverages latent space modeling to predict and
synthesize intermediate frames; Real-Time Intermediate Flow Estimation (RIFE)[32], which estimates and
interpolates pixel motion between frames; Compression-Driven Frame Interpolation (CDFI)[33], which
optimizes frame transitions based on data compression techniques to maintain visual coherence; and Frame
Interpolation for Large Motion (FILM)[34], which addresses large-scale and rapid movements within frame
sequences. Each model was tested in diverse time-lapse datasets composed of fluorescently labeled nuclei in
the fungus Ashbya gossypii, proliferating Escherichia coli bacteria, proliferating yeast Saccharomyces
cerevisiae, germinating filaments of the fungal plant pathogen Colletotrichum acutatum, migrating rat
basophilic leukemia cancer cells, a classical video of a neutrophil chasing a bacterium, and pancreas-derived
organoids.

Our results show that generative frame interpolation produced bio-realistic images across all imaging
modalities and biological scenarios without dataset-specific retraining. As proof of principle, we showed that
the temporal augmentation of the image time series enhanced the performance of a simple mask overlap-based
tracking algorithm across all tested datasets, underscoring the potential of generative frame interpolation for
reaching generalist microscopy tracking.


https://doi.org/10.1101/2025.03.23.644838
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.03.23.644838; this version posted March 26, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

87 Results
88 Deep learning interpolation generates bio-realistic images

89 To assess the capacity of generative frame interpolation to produce new microscopy images in between two
90 frames from an image time series, we implemented the pre-existing off-the-shelf video frame interpolation
91 algorithms LDMVFI [31], RIFE [32], CDFI [33], and FILM [34]. As datasets for testing interpolations, we
92 gathered eight microscopy time series with significantly different image properties, such as single pixel
93 entropy and the Gray-Level Co-Occurrence Statistics (GLCOS) contrast, homogeneity, and correlation (SFig.
94 1 A-D, Video 1). The time series represented intracellular structures (Fig. 2 A, fluorescently labeled nuclei in
95 the fungus Ashbya gossypii), bacterial cells (Fig. 2 B, proliferating E. coli bacteria), budding cells (Fig. 2 C,
96 proliferating yeast Saccharomyces cerevisiae), filamentous cells (Fig. 2 D, germinating spores of the fungal
97 plant pathogen Colletotrichum acutatum), migrating cancer cells (Fig. 2 E-F, rat basophilic leukemia (RBL)
98 cancer cells at two magnifications), immune cells (Fig. 2 G, a classical movie of a neutrophil chasing a
99 bacterium) and pancreas-derived mouse organoids exposed to anticancer drugs (Fig. 2 H).

100 To test whether frame interpolation could accurately reproduce real images, we removed the odd-numbered
101 frames from the videos and used the even-numbered frames to produce interpolations representing the odd-
102 numbered images. The interpolation accuracy was calculated by comparing the real odd images, as ground
103 truth, to the interpolated odd images. The similarity between images was assessed using the structural
104 similarity index measure (SSIM) [31] (Fig. 3 A-H). We found that all models were able to produce images
105 with great similarity across the time series as judged by SSIM values over 0.9 (Fig. 3 I-P). Although all SSIM
106 values remained close to one, diffusion-based LDMFVI performed significantly lower than the rest in the
107 fluorescent nuclei and yeast time series (Fig 3 ILK). In contrast, all models showed no difference for the other
108 image time series (Fig. 3 J,L,M,N,O,P). The image’s background area percentage did not influence the
109 interpolation quality (SFig. 2 A).

110 SSIM were the highest for objects with homogenous internal features, such as fluorescent nuclei images (Fig.
111 3 A) and bacteria (Fig. 3 B). The lowest SSIM regions consistently occurred when representing small
112 extracellular objects, for instance, the growing yeast bud in (Fig. 3 C) or the bacterium in the neutrophil image
113 (Fig 3 G), or when representing the complex intracellular features of germinating fungal spores (Fig 3 D) or
114 RBL cells (Fig 3 E,F). The exception to high SSIM values was the interpolation of a low frame rate time
115 series of pancreas organoids collapsing in response to an anti-proliferative drug (Fig. 3 H,P). We concluded
116 that deep learning frame interpolation algorithms could generate bio-realistic images across multiple
117 biological data sets without specific retraining for microscopy.

118
119 Synthetic interpolated images recapitulate the segmentation results of real images

120 Given the bio-realistic images obtained by odd-even interpolations, we tested whether interpolated images
121 could be segmented as efficiently as real images. We assessed the segmentability of synthetic images by using
122 the following criterion: an efficiently interpolated image should produce the same segmentation result as the
123 original real image when using a segmentation model trained on real images.

124 We trained segmentation models for each data set based exclusively on real images using Cellpose [6]. We
125 then interpolated all odd and even frames to produce time series entirely composed of interpolated images.
126 Both the real and the fully interpolated time series were then segmented, and the resulting masks were
127 compared using Average Precision (AP) at the single object mask level. Briefly, the AP for each object mask
128 was calculated by dividing the total true positive (TP) pixels by the sum of the total true positive (TP) pixels
129 plus total false positive (FP) pixels plus total false negative (FN) pixels or AP = TP / (TP + FP + FN) [6].
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130 We found that real and interpolated images generated segmentations with very high similarity as judged by
131 corrected average precision values above 0.7, which remained constant throughout most of the time series
132 (Fig. 4 A-G). Except for LDMF VI in the bacterial dataset (Fig. 4 B), average AP values were not significantly
133 different across models. We concluded that the segmentation of synthetic interpolated images resembled the
134 segmentation of real images.

135
136 Frame interpolation recreates potential intermediate states of biological objects

137 The similarity in the segmentation results of real and interpolated frames suggested that interpolations between
138 frames could generate images depicting potential intermediate states of biological objects, which could be
139 segmented and leveraged for tracking.

140 To assess the capacity of the interpolation algorithms to recreate the potential intermediate states of biological
141 objects, we generated sixteen interpolated images in between real frames across data sets (Videos 2-9). Visual
142 inspection of the 16X interpolated time series confirmed that interpolation could produce images depicting
143 the potential intermediate positions and shapes of biological objects such as the deformation of nuclei during
144 nuclear movements (Fig. 5 A), the rotation of bacterial cells during proliferation (Fig. 5 B), the growth of a
145 budding yeast cell (Fig. 5 C), and shape-shifts in the protrusions (lamellipodia) of RBL cells (Fig. 5 D). At
146 the single object level, the models showed slight variations in fine details that led to differences in the predicted
147 masks across models, for instance, in depicting cell protrusions in RBL cells (Fig. 5 E). The SSIM of the
148 interpolated images and the AP of their segmentations decayed in comparison to the previous original image
149 and increased in comparison to the next real image, which is consistent with interpolations producing images
150 with intermediate segmentable information (Fig 5 F, SFig. 3 A-F) and structural similarity (SFig. 3 G-L).

151
152 Generating hybrid real-synthetic time series improves the tracking of biological objects

153 The potential of interpolated images to depict bio-realistic intermediate states of biological objects suggested
154 that they could be used to link labeled objects across frames based solely on mask overlap. To test this
155 hypothesis, we designed a simple tracking algorithm based on linking objects across frames by only
156 calculating the overlap of the previous and next object mask. Using this simple approach, we tracked
157 fluorescent nuclei, bacteria, yeast, and RBL datasets, which contained enough complex object trajectories. We
158 segmented and tracked each dataset’s original time series and hybrid time series containing 16 interpolated
159 images in between real images.

160 After tracking, the interpolated time series were down-sampled so that the number of frames matched the
161 original time series again. We manually assessed the number of correctly assigned tracks in each dataset as a
162 measure of tracking efficiency using a user interface that displayed each frame with a mask overlaid for each
163 tracked object. Frame interpolation significantly increased the percentage of correctly assigned tracks (Fig. 6
164 A-D, Videos 10-13), except for the diffusion LDMVFI model, which showed no difference with the original
165 non-interpolated nuclei and yeast times series (Fig. 6 A, C).

166 Visualization of the tracks with and without interpolation confirmed that interpolation improved tracking by
167 increasing the overlap of masks even when no overlap occurred in the original time series. This was largely
168 independent of the direction of movement and the size of the object, as illustrated in the yeast and nuclei
169 dataset (Fig. 6 E, SFig. 4 A), and regardless of rotations, as illustrated in the bacterial database (Fig. 6 F), and
170 despite dramatic morphological changes as seen during cell migration in the RBL dataset (Fig. 6 G, SFig. 4
171 B, C).

172
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173 Discussion

174 This study demonstrates that off-the-shelf generative frame interpolation algorithms can produce bio-realistic
175 microscopy images and improve object tracking without dataset-specific retraining. Our results indicate that
176 generative frame interpolation algorithms trained on large video datasets learn sufficiently generic
177 spatiotemporal priors to generate realistic intermediate frames for microscopy in diverse biological systems.
178 This generalization echoes findings in related fields where broadly trained models, such as kernel-based
179 interpolation techniques [35], can accurately render intermediate frames under diverse conditions without
180 extensive fine-tuning. This suggests that, as hypothesized by Weigert et al. [17] and other frameworks [33,
181 23], the inclusion of generative interpolation algorithms into pre-existing microscopy tracking pipelines could
182 be explored as an option to improve biological tracking. For instance, it is feasible to consider that frame
183 interpolation could be used as an automated pre-processing step in workflows for CellTraxx [14], ThirdPeak
184 [15], u-track3D [12], ALFI [13], and Trackmate [17].

185 The bio-realistic images obtained by interpolation, however, can not be taken as real information for the
186 quantification of biological processes at this point. We show that although the interpolation algorithms
187 produced images that sufficiently recreate cell contours for segmentation purposes; fine intracellular features
188 and small moving objects in the frames differed in structural similarity across all interpolation models (Fig.
189 3). The bio-realism of such representations could be enhanced by integrating mechanistic or biological
190 constraints into the interpolation models, as seen in biologically informed neural networks [36] and data-
191 driven conditional deep generative networks [37].

192 The main disadvantages and limitations of the frame interpolation algorithms tested are (1) the need for
193 parallel computing resources, such as graphics processor units (GPUs), (2) the decreased performance at very
194 low sampling rates (for instance, the organoid collapse in Fig. 3 H), (3) variable results between diffusion-
195 driven and the other models (Fig. 6 A,C). These considerations indicate that the tested interpolation algorithms
196 could be inaccurate below a certain sampling rate limit that might be dataset-specific. In addition, the choice
197 of interpolation model could affect the capacity of interpolation to enhance tracking. Nevertheless, our results
198 show that under common microscopy experimental conditions and sampling rates, off-the-shelf interpolation
199 methods produce results that can be advantageous for single-cell tracking.

200 Our work demonstrates that existing generative frame interpolation models have the potential to significantly
201 enhance the tracking of biological objects in diverse time-lapse microscopy settings. Our results underscore a
202 relatively straightforward and dataset-agnostic approach to augment microscopy time series and alleviate
203 challenges of complex parameter tuning associated with standard tracking pipelines. The significant
204 improvement of a simple tracking algorithm by frame interpolation across multiple datasets highlights the
205 practical utility of integrating existing generative models into current tracking approaches. Furthermore, our
206 results hint at the possibility of developing generalist tracking solutions for microscopy based on image time
207 series augmentations.

208
209 Materials and Methods
210 1. Interpolation algorithms:

211 All interpolation algorithms were implemented as specified in their original papers using custom Python
212 scripts to automatically direct the segmentation of times series (see 7. Code and Data availability). Latent
213 Diffusion Model for Video Frame Interpolation (LDMVFI) [31]: An interpolation model that leverages
214 latent diffusion, instead of directly processing pixel values, LDMVFI first encodes video frames into a lower-
215 dimensional latent space, where it iteratively refines frames using a diffusion process. The model then
216 generates intermediate frames by guiding noisy latent representations to reconstruct structures between
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217 observed frames. Compression-Driven Frame Interpolation (CDFI)[33]: A compact version of the
218 Adaptive Collaboration of Flows for Video Frame Interpolation (AdaCoF) framework. It employs deformable
219 convolutions, which adaptively reshape their kernel to align with motion patterns in image sequences. This
220 spatially adaptive alignment facilitates fine-grained feature extraction at the pixel level, enabling the model to
221 capture non-uniform motion. Frame Interpolation for Large Motion (FILM)[34]: A model designed to
222 handle large motion in video sequences. It uses a scale-agnostic architecture that extracts multi-scale features
223 and shares convolution weights across scales to improve the generalization of small and large motion. The
224 model computes pixel-wise motion using a bi-directional flow estimator to capture forward and backward
225 motion and a fusion module to combine the aligned features and generate the interpolated frames. FILM is
226 trained with L1 loss, perceptual loss, and style loss to enhance image sharpness, texture fidelity, and perceptual
227 quality. Real-Time Intermediate Flow Estimation (RIFE)[32]: A model developed for rapid frame
228 interpolation by estimating optical flow to capture motion between frames.

229 2. Image time series data sets:

230 2a. Bacterial time series: Escherichia coli cells (AddGene) were cultured as a monolayer in PDMS
231 microfluidic chip infused in media using a syringe pump. Media was infused through the chip at 1.5 pL/min
232 for 24 hours as the chip was imaged in an inverted microscope (Nikon Eclipse Ti2) equipped with a 100x Apo
233 (1.49 NA, oil) objective, external phase contrast system with an ECCD camera (DR-328G-CO2-SIL Clara,
234 Andor). NIS-Elements software (Nikon Version 5.30.00) was used to automate image acquisition by taking
235 images under phase contrast every 5 minutes. Cells were kept at 37 °C inside a cube incubation system
236 (Incubator CH.HCS5.SAT Full Enclosure, In Vivo Scientific, USA) and allowed to grow at a constant growth
237 rate during image acquisition for 18-155h (i.e., 1-6.5 days).

238 2b. Fungal time series: Experiments were carried out with Saccharomyces cerevisiae strain W303 or
239 Colletotrichum acutatum (kindly provided by Dr. Tika Adhikari, NCSU, USA) grown under microfluidic
240 conditions as described in [38]. Microfluidics experiments were performed on an automated Zeiss Observer
241 Z1 microscope controlled by ZEN pro software and with temperature control (Zeiss), and a CellASIC ONIX
242 microfluidics system maintained at 25 °C. Images were acquired using a 40X Zeiss EC Plan-Neofluar 40X
243 1.3 NA oil Ph 3 M27 immersion objective. Ashbya gossypii time series were kindly provided by the Gladfelter
244 Laboratory (Duke, USA); imaging and cell culturing conditions are described in [40].

245 2c¢. Mammalian single-cell datasets: The Neutrophil chasing a bacterium movie was downloaded from:
246 https://embryology.med.unsw.edu.au/embryology/index.php/Movie - Neutrophil chasing_bacteria. The
247 Original video was a 16-mm movie by the late David Rogers at Vanderbilt University (circa 1950°s)[39]. The
248 movie depicts a human neutrophil following a Staphylococcus aureus bacterium by chemotaxis through red
249 blood cells on a blood film slide. The RBL movies were kindly provided by the Wu Laboratory (Yale, USA);
250 imaging and cell culturing conditions are described in [41].

251 2d. Mouse-Derived and Patient-Derived Pancreatic Organoid time series: Mouse-derived pancreatic
252 organoids were established from lysed pancreatic ductal cells and cultured in Matrigel matrix (Corning) using
253 an appropriate growth medium modified from [42]. All animal materials were prepared and handled in South
254 Korea and approved by the Institutional Animal Care and Use Committee (IACUC) of Seoul National
255 University (Approval No. SNU-191007-4-2). Patient-derived pancreatic organoids were obtained from
256 endoscopic ultrasound-guided fine-needle biopsy (FNB) samples. Tissue samples were provided by Seoul
257 Samsung Medical Center in accordance with Institutional Review Board (IRB) guidelines (Approval No.
258 E2106/001-003). The samples were embedded in Matrigel (Corning) matrix and maintained in an appropriate
259 culture medium modified from [43]. Both mouse-derived and patient-derived pancreatic organoids were
260 treated with either DMSO or an anticancer drug after organoid formation. Live-cell imaging of patient-derived
261 organoids was done after treatment for 42 hours at 1-hour intervals, while mouse-derived organoids were
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imaged for 36 hours at 6-hour intervals. Imaging was conducted using the THUNDER Imager 3D Live Cell
and 3D Cell Culture microscope (Leica Microsystems).

3. Generating dataset-specific cellpose segmentation models: Dataset-specific cellpose segmentation
models were obtained through iterative training on manually labeled images from each data set. Training and
retraining cycles stop when the models achieve AP > 0.9 on the test dataset following [6, 44]. A MATLAB
script was used to evaluate AP for each mask based on the correspondence at the single pixel between a
reference mask derived from a real image and the tested masks derived from interpolated images (see 7. Code
and Data availability). All segmentations, interpolations, and training were performed on a Dual Intel Xeon
Silver 4216 (2.1GHz,3.2GHz Turbo, 16C,9.6GT/s 2UPI, 22MB Cache, HT (100W) equipped with an Nvidia
Quadro RTX5000, 16GB, 4DP, VirtualLink (XX20T) outfitted with 64GB 4x16GB DDR4 2933MHz
RDIMM ECC Memory and a 2TB primary NVMe SSD.

4. Image pre-processing for interpolation and segmentation: All frames were converted to three-layered
(R, G, B) 8-bit depth PNGs before interpolation according to the specifications of each interpolation algorithm.
For Fig3, a custom Python script enabled the generation of interpolated frames by taking time series based on
odd or even frames only, generating synthetic odd or even frames. A modification of this script enables the
generation of sixteen interpolated frames in between two real frames, as used for figures 4-6. The script takes
as input the input and output directories and the number of frames to interpolate (see 7. Code and Data
availability). In addition, the FLIM model also requires the path to a pre-trained model as an additional input
to the interpolation script. To segment images using cellpose, real and interpolated images were turned into
single-layered 16-bit depth uncompressed Tiff files. Segmented images were also processed in the same
format for calculating AP values.

5. A simple mask-overlap-based tracking algorithm: The simple Python tracking algorithm based on mask
overlap was based on the following principles. After cellpose segmentation produces masks with individual
indexes in each image, our algorithm projects each mask from a starting frame onto the next segmented image
and identifies the cell mask with the highest overlap. Once identified, the index of the cell mask in the next
image is replaced by the index of the cell mask in the previous image, forcing each cell/object to acquire a
unique index throughout the time series. The algorithm has only one hyperparameter to be adjusted, the
variable “disk size” which is used to define the size of the objects to be filtered as small segmentation artifacts;
disk size = 3 if the cell area is close to 500 pixels, and disk size = 6 if the average cell area is close to 2000
pixels (see 7. Code and Data availability).

6. Statistical analyses: Statistical analyses were performed on biological replicates within each time series.
Differences between populations of biological replicates were evaluated using the Kolmogorov-Smirnov tests
kstest2(), with significance set at p < 0.05. Line plots to test time series correspond to the average of biological
replicates surrounded by the 95 % confidence intervals represented as shaded area. Box plots represented the
median as the central mark, the 25" and 75" percentiles as the bottom and top limits of the box, and the most
extreme non-outlier values as whiskers.

7. Code and Data availability: All original Python and MATLAB code employed in image analysis,
interpolation, segmentation, tracking, and figure display is freely available:
https:/github.com/Mirandal.ab/GEN_interpolation_microscopy for LDMVFI diffusion model implementation, and
https://github.com/MirandalLab/GEN_AI Interpolation_Microscopy for other models. Specific instructions to install

each model from its source are described, as well as our scripts to trigger interpolation of complete and down-
sampled time series, python interpolate series.py and interpolate_between_series.py, respectively. The AP
evaluation = MATLAB script  and  the Python = mask-overlap algorithm  are in
https://github.com/Mirandal.ab/GEN_AI Interpolation Microscopy/tree/main/Masks AP_Evaluation and
https://github.com/Mirandalab/GEN_AI Interpolation Microscopy/tree/main/Simple Mask Overlap_tracking algorithm R
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Figure 1. Schematic contrasting (A) the most common approach to tracking objects in biological time series
and (B) the approach proposed in this work, in which the time series itself is modified using generative Al
algorithms to fit the demands of a tracking algorithm without modifying the algorithm itself.
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Figure 2. Representative image time series from time-lapse microscopy data with significantly different
image properties. (A) intracellular structures: fluorescently labeled nuclei in the fungi Ashbya gossypii; (B)
bacterial cells: proliferating Escherichia coli bacteria; (C) budding cells: proliferating yeast Saccharomyces
cerevisiae; (D) filamentous cells: germinating spores of the fungal pathogen Colletotrichum acutatum (E-F)
migrating cancer cells: Rat Basophilic Leukemia (RBL) cancer cells at (E) 20 X and (F) 40X magnification;
(G) immune cells: a classical movie of a neutrophil chasing a bacterium; and (H) pancreas-derived organoids
collapsing in response to anticancer drugs. Brightness and intensity normalized for display purposes. All scale
bars =5 pm.
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Figure 3. Deep learning generative frame interpolation produces images with bio-realistic structural
information. (A-H) Top: representative images showing the interpolation results derived from using even-
numbered images to reconstruct odd-numbered images with each interpolation model; Bottom: structural
similarity heatmaps showing the areas of disagreement between the original and the interpolated image for
each model as darker pixels. (I-P) Average SSIM values for each time point of the interpolated time series for
each model and dataset compared to the original time series. Solid lines with shaded area = average plus 95%
confidence intervals, n >= 4 per time point. White or dark scale bars = 5 um.
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Figure 4. Synthetic interpolated and real images produce similar segmentation results at the single mask
level. (A-G) Average precision values at the single mask level for each time point when comparing the
segmentations from interpolated versus real images for each interpolation model. (A) Intracellular structures:
fluorescently labeled nuclei in the fungi 4. gossypii. (B) Bacterial cells: proliferating E. coli bacteria. (C)
Budding cells: proliferating industrial yeast S. cerevisiae. (D) Filamentous cells: germinating spores of the
fungal plant pathogen C. acutatum. (E-F) migrating cancer cells: RBL cancer cells at (E) 20 X and (F) 40X
magnification. (G) Immune cells: a classical movie of a neutrophil chasing a bacterium. Solid lines with
shaded area = average plus 95% confidence intervals, n >= 4 per time point.
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Figure 5. Extensive image interpolation generates potential intermediate depictions of biological
objects. (A-D) Representative hybrid time series with real and interpolated images for (A) fluorescently
labeled nuclei in the fungi A. gossyipi obtained using LDMVFI (B) proliferating E. coli bacterial cells obtained
using FILM. (C) Budding yeast S. cerevisiae cells using RIFE. (D) shape-shifting migrating RBL cancer cells
using CDFI. Top: hybrid time series with real and interpolated images. Middle: hybrid time series with mask
outlines. Bottom: object’s mask across the time series. (E) Representative comparison of the different mask
outlines obtained by interpolating two consecutive frames with different models. (F) Average Precision values
for the segmented frames of 16 X interpolated time series for the RBL dataset. Left: AP values for each
segmented interpolated frame using the segmentation of the previous real image as reference. Right: AP values
for each segmented interpolated frame using the segmentation of the next real image as reference. Solid lines
with shaded area = average plus 95% confidence intervals, n >= 4 per time point.
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Figure 6. Extensive frame interpolation enhances a tracking algorithm across multiple datasets. (A-D)
Boxplots comparison of the percentage of correctly assigned tracks with and without frame interpolation using
the same tracking algorithm by mask overlap on (A) fluorescently labeled nuclei in the fungi A. gossypii; (B)
proliferating E. coli bacteria; (C) proliferating yeast S. cerevisiae. (D) migrating rat basophilic leukemia
cancer cells at 20X magnification. Box plots display data from n >= 3 biological replicates. Central mark,
median; box bottom and top limit, 25th and 75th percentiles; whiskers, most extreme non-outlier values.
Asterisks = p > 0.05, KS test, n >= 3. (E) Panel depicting examples of tracked S. cerevisiae cells that move in
multiple directions between two consecutive frames. Columns previous and next depict the original frames
with mask contours overlaid; mask overlap without and with RIFE interpolation is depicted in the columns
“Full” and “Contours”; the direction of the movement is represented in the “Directionality” column. (F) Panel
depicting examples of tracked E. coli cells that rotated by multiple degrees between two consecutive frames.
Columns previous and next depict the original frames with mask contours overlaid; mask overlap without and
with FLIM interpolation is depicted in the columns “Full” and “Contours”; the rotation direction is represented
in the “Directionality” column. (G) Panel depicting examples of tracked Rat Basophilic Leukemia cancer cells
that migrate in different directions while changing rapidly between two consecutive frames. Columns previous
and next depict the original frames with mask contours overlaid; mask overlap without and with CDFI
interpolation is depicted in the columns “Full” and “Contours”; the direction of migration is represented in the
“Directionality” column.
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