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ABSTRACT

Wound healing is a fundamental mechanism for living ani-
mals. Understanding the process is crucial for numerous med-
ical applications ranging from scarless healing to faster tissue
regeneration and safer post-surgery recovery. In this work, we
collect a dataset of time-lapse sequences of Drosophila em-
bryos recovering from a laser-incised wound. We model the
wound healing process as a video prediction task for which
we utilize a two-stage approach with a vector quantized vari-
ational autoencoder and an autoregressive transformer. We
show our trained model is able to generate realistic videos
conditioned on the initial frames of the healing. We evaluate
the model predictions using distortion measures and percep-
tual quality metrics based on segmented wound masks. Our
results show that the predictions keep pixel-level error low
while behaving in a realistic manner, thus suggesting the neu-
ral network is able to model the wound-closing process.

Index Terms— Wound healing, video prediction, deep
learning

1. INTRODUCTION

Wound healing is essential for the survival of living animals to
repair damaged tissues or cellular structures. Uncovering its
underlying biological and physical principles is key for many
biomedical applications, such as tissue engineering, regener-
ative medicine, and healing acceleration [1]. Consequently,
the process has been intensively investigated, and several bio-
physical models have attempted to reproduce experimental
observations and uncover the underlying mechanisms [2, 3].
However, due to its complexity, a model able to quantitatively
predict the course of healing in vivo is yet to be developed.
In this work, we aim to model wound healing in Drosophi-
la melanogaster embryos to quantitatively reproduce the ki-
netics of the process. Embryonic wound healing is a simple
scarless model of healing driven by an accumulation of acto-
myosin, which forms a contractile ring at the leading edge of
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the wound [4]. The actomyosin ring generates pulling forces
deforming the epithelial tissue and promoting wound closure.
We aim to utilize different proteins labeled with GFP to ex-
amine their behavior during the healing process, starting with
myosin. This opens up the possibility of comparing model
predictions for different proteins and studying their relative
importance in the healing process. Unlike biophysical mod-
els, we seek to achieve this without presuming any laws of
Physics directly and only by observing the spatiotemporal in-
formation of individual protein signals during the process.

In particular, our goal is to extract complex, non-linear ki-
netics of the healing process by utilizing artificial neural net-
works (ANNSs). Although ANNs have become a standard tool
for many bioimage analysis tasks [5], they have rarely been
exploited to predict kinetics and multi-cellular dynamic be-
havior quantitatively. Specifically, we use a set of time-lapse
images acquired by a spinning disc microscope as input for a
video prediction ANN. Video prediction [6] (also referred to
as next-frame prediction) models learn to generate frames of
videos by observing information from the initial frames. They
have been applied to diverse data where the anticipation of the
future is important, e.g., weather forecasting [6], autonomous
driving [7] and robotics [8]. Models capturing information
from a sub-sequence of a video can be used for early action
prediction [9] or cell fate prediction in microscopy [10].

Modeling sequences has been done by transformer mod-
els in natural language processing tasks [1 1], which have re-
cently been successfully applied in other domains [12, 13],
including video generation [14]. A two-stage approach has
been used for image [15, 13] and video [14] generation. It
consists of an autoencoder that learns latent representations of
the data and a generative transformer to sample new frames by
learning the distribution. An advantage of such architectures
is that they can be conditioned on the initial frames of the
video. Compared to the approaches used on non-microscopy
videos [6, 8, 7, 14], we face several challenges. Namely, small
datasets, as the cost of acquiring microscopy videos is expen-
sive and time-exhausting, and longer sequences, since those
are needed to predict the entire wound closure.
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Fig. 1: Our two-stage approach for wound healing video pre-
diction. First, a VQ-VAE is trained to learn discrete latent rep-
resentations of wound healing time-lapse sequences. Next, a
transformer is trained to predict future latents conditioned on
a set of frames processed by a 3D ResNet. Finally, the VQ-
VAE decoder trained in the first stage converts those latents
into new frames.

Contributions. In this work, we acquire a dataset of time-
lapse sequences of embryos regenerating their tissue after a
laser-induced wound', and we model the process using a neu-
ral network for video prediction. Finally, we analyze the be-
havior of the predictions in time and show our approach is
able to generate long videos correctly, modeling the process
while being conditioned on a handful of frames displaying
the initial state of the wound. We quantitatively evaluate our
method using both distortion and perceptual quality-like met-
rics based on the distance of the predicted and observed seg-
mentation masks, as well as examining the area reduction of
the wound in time. Our results show the test predictions be-
have in a similar and realistic manner to experimentally ob-
served wound healing processes. To the best of our knowl-
edge, this is the first time a conditioned video generation neu-
ral network has been successfully applied to model complex
multi-cellular dynamic behavior and its kinetics, specifically
wound healing captured by microscopy time-lapse sequences.

2. METHODS

Following the seminal idea of VideoGPT [!4], we phrase the
wound healing modeling as a video prediction task using a
two-stage architecture that combines a vector quantized vari-
ational autoencoder (VQ-VAE) [16] and an autoregressive
transformer adapted for videos. The first network learns to
(1) downsample and embed the image sequences in a discrete
latent space and (2) reconstruct them. The second network
learns to generate new frames in the discretized latent space.
The generation is conditioned on the past frames. After the
frames are predicted in the discretized space, the VQ-VAE re-
constructs the predictions to image sequences. A full diagram

! Dataset available at lenkaback.github.io/wound-healing-modeling

of our framework is shown in Fig. 1 and described next.

Autoencoder. The VQ-VAE is trained to encode the high-
dimensional image sequences into a small set of discrete to-
kens (integers). It consists of an encoder, a codebook, and a
decoder. The encoder is composed of 3D strided convolutions
followed by a single attention residual block. This way, the
input image sequence is converted into a set of downsampled
vectors, which are replaced by the nearest-neighbor vectors
in an embedding codebook. Next, the decoder, consisting of
an attention residual block and 3D strided transposed convo-
lutions, upsamples the vector representation and reconstructs
the input image sequence. The indices of the nearest-neighbor
vectors in the codebook are used as the low-dimensional dis-
crete representation of the input image sequence.

Transformer. Given a few starting frames of an image se-
quence, the transformer is trained to predict the rest of the
sequence. Due to the high dimensionality of the image se-
quences, the transformer works in the low-dimensional dis-
crete representation space computed by the VQ-VAE. Specif-
ically, given an image sequence encoded as N discrete tokens,
the transformer is trained to predict the k-th token (k < N)
given the previous k — 1 tokens. To enrich the context in-
formation, the few starting frames are also encoded by a 3D
ResNet and added to the transformer’s input. For additional
details on the architecture and training, we refer to [14].

3. EXPERIMENTAL RESULTS

3.1. Wound healing dataset acquisition and processing

We collect a dataset of time-lapse sequences of Drosophila
embryos healing after a laser-induced wound. Altogether, 61
sequences are acquired (train, validation, test sets of sizes 44,
12, and 5, respectively.) We image embryos expressing a
GFP tagged myosin II (sqhGFP) [17] at stage 17, collected
after aging for 16 hours at 18°C The embryos are mounted on
a coverslip covered with heptane glue for conventional con-
focal microscopy and mineral oil to prevent drying. Laser
ablation is performed with a pulsed laser. The time-lapse
sequences are acquired in vivo using an Olympus IXplore
SpinSR10, illuminated by laser with 488 nm wavelength and
using a 60x1.42 NA oil immersion objective.

The individual frames are taken once every minute. Each
sequence captures the entire closure of the wound with an av-
erage length of 120 frames. Each frame has 1152 x 1152
pixels and captures the whole embryo with 4.6 ym/pixel im-
age resolution. A z-stack of the embryo with a step size of
1 pm is imaged at each time step. The time-resolved z-stacks
are max-projected along the z-axis, and registered by SIFT
algorithm [18] in Fiji. The wounds are segmented by a cus-
tom stable U-Net-like architecture [19] and manually refined
in napari [20]. As each frame includes the entire embryo, it is
cropped to a region of 256 x 256 pixels containing the wound
and downsampled to 128 x 128 by bicubic interpolation.
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Fig. 2: Predictions on two test sequences. The initial 8 frames are given as context (represented by the first two frames on the
left) and the rest is iteratively predicted until wound closure (for visualization purposes, every fifth frame is shown.)

3.2. Training and evaluation regime

First, we train the VQ-VAE to downsample sequences of 20
frames of 128 x 128 pixels into 5 x 32 x 32 tokens. Next,
the transformer is trained on the encoded 20-frame sequences,
where the first eight frames are used as the context, and the
transformer predicts the 12 following frames. Both networks
are trained as in [14], with the following exceptions. To com-
pensate for the small dataset size, we use data augmentation
(image transposition, horizontal, vertical flips, and rotation)
and random sampling of 20-frame sub-sequences from the
original sequences. We select the best VQ-VAE and trans-
former models based on the validation loss for quantitative
and qualitative evaluation. Specifically, we evaluate our pro-
posed method on the test sequences. For each sequence, we
use the first eight frames of the sequence as the context and
iteratively predict the whole sequence till the wound closure.
Given 8 context frames the model predicts 12 frames. Invari-
ably, the last eight predicted frames are used as the context
to predict the subsequent 12 frames. This process is repeated
until the entire length of the test sequence is reached.

3.3. Evaluation Metrics

Similar to the evaluation of super-resolution and image
restoration algorithms, the performance of video generation
methods is measured by calculating the similarity between
predicted and observed frames. Usually, image similarity is
estimated by two types of metrics: distortion error metrics
to calculate pixel differences and perceptual quality metrics
to estimate human-perceivable differences. Analogously, we
evaluate our results using two types of metrics. To compute
the metrics, the predicted wounds are segmented. First, we
calculate the distances between the predicted and observed
wound segmentation masks as a shape distortion measure.
Second, we estimate the perceptual quality by comparing
the wound area reduction over time in the predicted test se-
quences with respect to the observed training sequences. This

Ground truth and predicted frames

helps us see whether the generated sequences are consistent
with the area reduction of the observed data, thus, behaving
realistically.

Distance metrics. We use the mean and Hausdorff distances
as a proxy for a shape distortion measure between the pre-
dicted and observed masks. Specifically, we calculate both
the mean distance d;; and the Hausdorff distance d g between
the borders of the segmented masks. If X, Y are point sets of
the boundary pixels, we define both metrics as:

1,1 . 1 .
6 Y) = 5 (37 2 o o 7 3 ok o),
zeX yey

dp(X,Y) = max{ sup inf dy,, sup inf dmy},
rzeX yey yeY zeX

where d,, is the Euclidean distance between points = and
y. The mean and the Hausdorff distance show the average

and the furthest distance, respectively, of two corresponding
pixels on the border, thus measuring how well the shape and
position of the predicted and observed wounds match.

Area reduction over time. To estimate the perceptual qual-
ity, we examine the area reduction of the wound as it heals.
The wound area is calculated as the number of non-zero pix-
els of the segmented filled mask. The area in each time frame
is normalized by the maximum (i.e., initial) wound area.

3.4. Results on unseen data

The results of our proposed method on the test sequences are
evaluated both qualitatively (by visual inspection) and quan-
titatively (by assessing the distortion and perception errors).

Qualitative results. Qualitative results of the predictions
on two test sequences are shown in Fig. 2. We can see our
method learns to replicate the presence and accumulation of
the myosin ring, as well as the reduction of wound area in
time. Moreover, the quality of the reconstruction by VQ-VAE
is very high, as the conditional frames are visually nearly
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Fig. 3: Quantitative results on test sequences. From left to right, we show the mean (a) and Hausdorff (b) distances between
the segmented wound masks of the predicted and observed frames for each test sequence, and (c) the 10-percentile band of area
reduction over time of the train and validation dataset of the observed sequences, overlaid with the predicted and observed area

reduction (each color represents a different test sequence.)

identical. The predictions are qualitatively better at the be-
ginning as the signal starts to deteriorate slightly over time.
Nevertheless, overall the predictions are visually realistic.

Shape distortion of the predicted wounds. The shape of in-
dividual wounds varies and evolves during healing. Ensuring
our approach can correctly model individual wound healing,
the predicted and observed wound borders must behave sim-
ilarly. To evaluate this, we employ distance metrics, which
show shape distortion of the prediction when compared to the
observed border of the wound. We evaluate the distance met-
rics (Section 3.3) for the initial 20 frames (8 context frames
and 12 predicted unseen frames) of each test sequence. The
distance metrics are reported in Figures 3a and 3b, with an
inter-annotator error reported for each metric. We calculate
this error between the segmentation borders of 27 sequences
segmented by two different human experts as a lower bound
for our method. The overall averaged values are ~ 1.5 pixels
for the mean and ~ 4.4 pixels for the Hausdorff distance.

In the initial 8 frames, we see a systematic deviation from
the observed masks, lower or similar to the inter-annotator
error. This could be caused by a segmentation error. As
expected, the metrics deviate more notably after the context
frames. The 12 predicted frames have average metric values
of 2.2 pixels for the mean and 6.8 pixels for the Hausdorff
distance. However, the error in prediction is not uniform, as
the mean distance increases slightly and peaks between 2-3
pixels; while, one sequence shows a higher deviation above
4 pixels. These results show that the average difference in
the wound shape is relatively small compared to the inter-
annotator error. The Hausdorff distance increases more dras-
tically, peaking between 6-13 pixels. More sequences show
higher deviation.The difference between the mean and the
Hausdorff distance suggests the segmented predictions do not
differ significantly from the observed on average but include
several outlier pixels. It was important to include the 3D
ResNet to enrich the input of the transformer, as we saw ap-
proximately 50% improvement in the average Hausdorff dis-
tance of the 12 predicted frames.

Modeling wound area reduction. In all sequences from our

dataset, the area of the wounds reduces over time until clo-
sure. We evaluate whether the generated wounds behave re-
alistically and, in particular, whether the area reduction over
time is consistent with the observed data. Specifically, we
compare the area reduction in the predictions with that of the
training and validation videos. To this aim, we process the
area of each wound in the whole dataset for each frame as
described in Section 3.3. We repeat the calculation for each
predicted and observed test sequence. To compare wounds
that close at different time points, we normalize the time be-
tween the initial and the last frame. We plot a 10-percentile
band of the area reduction of the whole dataset over time;
and overlay the area reduction curves of the ground truth and
predicted test sequences over the dataset band in Fig. 3c. We
observe that the area reduction rate in our predictions matches
the trend in the whole dataset, as well as most of the individ-
ual predictions match their counterpart observations.

How the wound closes does not follow the same trend for
every wound, and the area reduction over time curves show
variability. This suggests the network not only predicts the
closure based on the average kinetics but also predicts wound-
specific closure matching the tendency of the observed clo-
sure. Altogether suggesting the model generates wounds with
viable closure tendencies, generating realistic wounds.

4. CONCLUSION

In this work, we introduce a novel method for modeling
wound healing time-lapse sequences with a two-stage ar-
chitecture combining VQ-VAE and an autoregressive trans-
former. We evaluated our method on a dataset of wound
healing time-lapse sequences of Drosophila embryos and
show our approach can effectively model wound healing
conditioned on a few initial frames. Both qualitative and
quantitative results demonstrate the generated sequences
present low pixel-level error and display realistic healing
patterns when predicted until full closure. This work opens
up possibilities of using neural networks to model kinetics
and complex dynamic behavior of other processes.
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