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A B S T R A C T

Deep learning has proven to be one of the most effective methods in analyzing biological images to extract 
parameters fundamental for studying physiological functions and pathological conditions. In particular, when 
coupled with time-lapse microscopy (TLM), deep learning proves particularly effective in studying behaviors 
involving temporal dynamics. However, TLM videos are often affected by experimental noise and setup limi
tations, which can lead to inaccurate and poorly reproducible results. Taking advantage of the variational and 
generative capabilities of Variational Autoencoders (VAEs), we propose VAE-MOTION, a deep learning-based 
model for the analysis of cardiac contractile dynamics. By incorporating a temporal encoder into its architec
ture, our model allows the restoration of video quality by removing noise or increasing resolution, while 
simultaneously extracting accurate contraction-related signals from the latent space. The generation of synthetic 
videos allowed extensive training of VAE-MOTION, which subsequently validated on real videos from two 
different cardiac tissue models: 2D monolayers and 3D microtissues. VAE-MOTION was compared to two gold- 
standard methods in extracting contraction parameters relevant to drug efficacy or toxicity studies, demon
strating its potential for analyzing temporal dynamics in a given phenomenon or process.

1. Introduction

Time-lapse microscopy (TLM) videos of in-vitro cell culture experi
ments hold great potential for providing breakthrough insights into 
disease mechanisms and yielding advances in the development of 
pharmacological compounds (Ascione et al., 2014; Antonelli et al., 
2024). TLM enables the observation and analysis of cellular responses to 
stimuli and processes over time and it can provide critical insights into 
dynamic biological processes when combined with well-suited image 

analysis algorithms (Strbkova et al., 2020; Mencattini et al., 2021). 
Machine learning, in particular, is increasingly being used in video 
analysis for its unbiased contribution to evaluate the content of such 
videos, resulting in more sensitive, consistent, and accurate methods 
(D’Orazio et al., 2022). However, the quality of the collected videos may 
be influenced by several constraints related to the experimental plat
form, such as microscope type, illumination, and camera specifications. 
The video acquisition process can undermine the quality of obtained 
data, often compromised by artifacts and other kinds of degradation 
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(Mencattini, D’Orazio, et al., 2023). Moreover, high-resolution videos 
require significant storage and processing power for effective handling 
and analysis. These resources are not always available, resulting in a 
compromise between spatial and temporal resolutions. Deficits in spatial 
resolution might miss out on capturing detailed morphological features; 
conversely, deficits in temporal resolution might filter out fast dynamic 
changes. These aspects can result in incomplete or biased data, affecting 
the reliability of derived descriptors and quantitative measurements 
(Comes et al., 2019).

In this context, deep learning stands out as a powerful tool for TLM 
video analysis because of its ability to extract deep features and recog
nize high-complexity patterns that traditional algorithms cannot elicit 
(W. J. Zhang et al., 2018). Deep learning techniques automatically learn 
hierarchical feature representations from raw data, a capability that 
traditional machine learning approaches generally lack (LeCun et al., 
2015). While classical machine learning methods rely heavily on 
handcrafted features, deep learning models can discover complex pat
terns and temporal dependencies directly from the input. Furthermore, 
when appropriately trained, deep learning models can effectively 
overcome disturbances and compensate for low spatio-temporal reso
lution, addressing many of the challenges posed by limitations in video 
quality and experimental setups (Yun et al., 2024). Numerous deep 
models have been successfully implemented to recognize, learn, and 
reduce noise tailored to the specific type and application (Tian et al., 
2020). Many existing models are based on convolutional neural net
works, CNNs (LeCun et al., 2015), which, with their flexible architec
ture, are very popular for image analysis and restoration (Cascarano 
et al., 2021; Qian et al., 2021). Zhang and coworkers (2017) proposed 
denoising CNN (dnCNN) with residual learning (He et al., 2016; Jifara 
et al., 2019) and batch normalization techniques (Ioffe & Szegedy, 2015) 
for image restoration. CNNs, originally developed as discriminative 
models, are fundamental in the recognition of specific functions for 
segmentation purposes, object recognition in images, and classification 
(Tian et al., 2020). Due to the challenges of obtaining appropriate 
experimental data mentioned above, defining methodologies to 
generate synthetic training data can be advantageous. For the purpose of 
providing new realistic images and data, generative models have been 
designed (Celard et al., 2023). One of the earliest examples were 
Generative Adversarial Networks (GANs), introduced in (Goodfellow 
et al., 2020). GANs consist of a generator, trained to produce images that 
closely resemble real ones, and a discriminator, tasked with dis
tinguishing between real images and generated ones. This framework 
allows GANs to generate new data and, moreover, has proven to be 
effective in several applications such denoising (Chen et al., 2024; Yu & 
Ma, 2018) and super-resolution imaging (Comes et al., 2020, 2021). 
These capabilities are highly functional for biological investigation, 
where the accuracy of observations is crucial to avoid artifact-related 
misinterpretation. Controlling the impact of these limitations on cell 
imaging turned out to play a crucial role in understanding complex 
biological processes (Harrison & Baker, 2018; Mencattini, D’Orazio, 
et al., 2023).

In this context, when combined with accurate information extraction 
methods, TLM can be used as a pipeline for investigating biological 
functions (Filippi et al., 2024). Extracting significant features relies not 
only on a precise design of experimental setups but also on the strength 
of the algorithms used for the analysis, which process and codify the 
data.

From this perspective, Variational Autoencoders (VAEs) introduced 
by (Kingma & Welling, 2013), possess the capability of encoding and 
modeling cell properties in a latent space, which can be interpreted in 
light of the generated images. Indeed, compared to other generative 
models, VAEs learn to encode data distributions in a probabilistic 
structure, which enhances training stability, interpretability, and 
computational efficiency (Bond-Taylor et al., 2022; Sami & Mobin, 
2019). These models can be the best compromise for computational 
costs and explainability when reconstructing data with specific 

characteristics. Furthermore, VAEs learn to encode high-dimensional 
input data, e.g. microscopy video frames, into a latent space and clus
ter similar patterns and behaviors together (Ehrhardt & Wilms, 2022). 
This helps to reduce the dimensionality and to focus on essential features 
from TLM data, thus enabling more precise and robust analysis (Casti 
et al., 2023; Mencattini, Casti et al., 2023). These characteristics are 
particularly relevant when addressing cell and tissue dynamics, such as 
migration tests or muscle contraction. Monitoring these phenomena is 
fundamental in assessing tissue function, identifying disease mecha
nisms, as well as evaluating safety and efficacy of pharmacological 
treatment. VAEs have already found applications in TLM studies, such as 
extracting features for image classification (Casti et al., 2023) and 
encoding cell shape while incorporating local tissue organization and 
temporal features to predict future states (Soelistyo et al., 2022). 
Additionally, VAEs have also been applied as image restoration tools 
(Zheng et al., 2022) or combined with long short-time memory (LSTM) 
networks for anomaly detection in mono-dimensional time series (Lin 
et al., 2020; Rong et al., 2022). However, to the best of our knowledge, 
no VAE-based model has been reported to date to codify dynamics in
formation directly from TLM videos, extracting dynamic features while 
simultaneously addressing and counteracting eventual disturbances. In 
fact, while video restoration and denoising are classical problems, 
standard approaches typically require separate steps for noise reduction 
and feature extraction, which may fail when dealing with high- 
dimensional, temporally structured, and noisy TLM data. Therefore, 
there is a need for models capable of simultaneously handling noise and 
extracting dynamic information from the videos, ensuring both robust
ness and accuracy in the analysis of cellular behavior and other complex 
biological processes. In this work, we propose a novel VAE-based 
approach designed to improve dynamics evaluation in TLM videos 
tailored for cardiac contraction studies, providing a robust framework 
that can eventually be adapted also to other dynamics investigations.

1.1. Analysis of cardiomyocyte contractility

Studies on dynamics have become crucial in the characterization of 
contractile tissues, such as cardiomyocytes (CM) (H. Li et al., 2023). The 
heart’s ability to adapt its contractile rhythm in response to different 
stimuli, known as inotropism, is an indispensable aspect of physiological 
regulation. Several in vitro study methodologies allow the replication of 
complex cardiac tissue physiology (Campostrini et al., 2021; Stiefbold 
et al., 2024). Among these, organoids and organ-on-chip technology are 
well-suited due to their ability to enable real-time observation of the 
evolution of fundamental features, miniaturize experimental setups, 
standardize and precisely reproduce complex models, such as cardiac 
developmental paths (Yang et al., 2024; Y. S. Zhang et al., 2015).

Accurate quantification of cyclic CM contraction and relaxation in
volves measuring specific parameters of the contraction dynamics, such 
as contraction amplitude, contraction velocity, relaxation velocity, and 
beat frequency. These measurements can allow the estimation of dos
e–response curves for drug testing, predicting the eventual cardiotoxic 
effects of specific drugs. Cell contraction can be monitored at multiple 
levels. At single-cell level, the patch clamp technique is often employed 
for electrophysiological recording of action potentials (Bers, 2002) and 
fluorescence assays to track key molecular concentrations involved in 
contraction, such as intracellular Ca2+ (Wang et al., 2002). At tissue 
level, contraction models involve measuring force during isometric or 
isotonic contraction to study contraction velocity and viscoelastic 
properties, e.g. through 3D pillar structures or in organ-on-chip devices 
with the integration of electrodes for stimulation or signal detection 
(Agrawal et al., 2017; T. Li et al., 2024). Combining these methods 
provides comprehensive insights into tissue contractile properties, as no 
gold standard exists. Numerous methodologies to analyze dynamic 
patterns from TLM videos have been implemented. Some require so
phisticated hardware or software systems, whose the absence could 
undermine reproducibility across models and laboratories. 
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Alternatively, some existing software tools enable quantitative analysis 
of cardiac contraction dynamics, disease patterns, and drug responses by 
estimating specific parameters (Kim et al., 2024; Sala et al., 2017; Scalzo 
et al., 2021). Among the physical quantities to be evaluated in TLM 
videos to extract and track information about movement, one of the 
most commonly used is the gradient in light intensity between consec
utive frames, analyzed pixel by pixel. Indeed, detecting how brightness 
varies over time makes it possible to use it as a tracking tool. Exploiting 
this methodology, Kim and collaborators (2024) proposed BeatProfiler, 
a suite of cardiac analysis tools designed to quantify contractile function, 
calcium handling, and force generation for multiple in vitro cardiac 
models and apply downstream machine learning methods for deep 
phenotyping and classification. The software tool CON
TRACTIONWAVE, presented by Scalzo and his collaborators (2021), 
uses dense optical flow (Barron et al., 1994; Farnebäck, 2003) to obtain 
contractility parameters from images obtained with video microscopy. 
Some software tools exploit particle image velocimetry (PIV) algorithms 
(Thielicke & Sonntag, 2021) to calculate the displacement vector field 
between consecutive images within an interrogation window, e.g. PIV- 
MyoMonitor, proposed by Lee and colleagues (2024). Sala and co
workers (2017) proposed MUSCLEMOTION (MM), a software tool that 
enables rapid and easy extraction of contraction signals from high-speed 
velocity videos. These methods are truly valuable for obtaining phar
macological data and modeling cardiac disease phenotypes. Still, eval
uating only the variance in luminosity as an indicator of displacement 
can lead to results influenced by the experimental setup, the user per
forming the analyses, and the context in which they are conducted. All 
these factors can affect the baseline from which the analysis is made, 
influencing the results’ reliability.

Estimating these parameters and avoiding errors caused by artifacts 
introduced in the experimental setup is crucial to evaluate therapeutic 
efficacy and safety and, eventually, to customize the treatment for 

individual patients in the context of personalized medicine.
For this reason, we propose a novel VAE-based model, hereafter 

referred to as VAE-MOTION (Fig. 1). By incorporating a temporal 
encoder composed of time-convolutional filters, our model can process 
video data to extract dynamic descriptors within its latent space, accu
rately capturing temporal behaviors in response to various external 
stimuli. The temporal module is directly embedded within the network 
architecture in series, positioned as the initial block, making it an 
intrinsic part of the model itself. At the same time, VAE-MOTION is 
specifically designed to identify and learn degradation artifacts, 
enabling it to restore the quality of degraded videos. This dual func
tionality, which combines robust analysis of dynamic descriptors with 
artifact-free video reconstruction, is unique among existing methods. In 
this work, VAE-MOTION is tailored to analyze cardiomyocyte contrac
tility. It is trained to reconstruct high-quality data from degraded inputs, 
effectively addressing the limitations associated with experimental noise 
and the trade-offs between high spatial and temporal resolution in mi
croscopy data. In particular, our model defines contraction and relaxa
tion cycles within the latent space of the VAE architecture. This allows 
for encoding and modeling contraction, enhancing the estimation of 
dose–response curves even in the presence of video degradations that 
affect measurement results. The proposed method improves the quality 
and applicability of the derived contraction descriptors, even when 
working with data constrained by experimental setups or storage limi
tations. A classical approach could have been to first train a denoising 
model specifically tailored for this application and then apply standard 
analysis methods. In contrast, our VAE-based model is designed to 
simultaneously perform denoising and extract the relevant contractility 
signal directly from raw TLM videos. This simultaneous approach is 
particularly important because noise is very common in TLM videos, and 
classical methods often fail when data are noisy. By integrating these 
two functions within a single framework, VAE-MOTION ensures both 

Fig. 1. Workflow of the proposed VAE-MOTION methodology. a) Experimental set up for TLM-based study of contractile cardiac models. b) Degradations often 
introduced experimentally during TLM recordings. c) Video analysis and extraction of dynamic curves. d) VAE-MOTION schematic representation. e,f) Restored 
outputs: restored videos obtained from the decoder output (e) and restored dynamics curves obtained from the latent space (f).
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robustness to artifacts and accurate extraction of dynamic features, 
making it novel and well-suited for the analysis of cardiomyocyte 
contractility. To validate the proposed approach, we tested VAE- 
MOTION on two case studies: 2-dimensional monolayers of human- 
induced pluripotent stem cell (hiPSC)-derived cardiomyocytes and 3- 
dimensional cardiac microtissues. Moreover, we developed an algo
rithm that generates synthetic videos by modifying the displacement 
field of a single baseline video recorded under control conditions (i.e., 
without pharmacological treatment or pacing). Through this algorithm, 
we simulated the effects of various drug conditions, altering extracted 
contraction parameters, thereby producing phantom videos that served 
as training dataset. These videos were also generated in degraded form 
to mimic noise and experimental imperfections. The VAE-MOTION 
model was then trained on these datasets and subsequently validated 
on real (i.e., experimentally recorded) videos, both in their clean and 
degraded versions. From the latter, latent-space signals were extracted 
and systematically compared against those obtained using state-of-the- 
art methods, enabling the evaluation of both accuracy and robustness. 
Such a procedure, based on generating controlled synthetic data, 
training on diverse conditions, and validating on real experimental 
signals, can be further optimized and extended to other contractile tis
sues or, more generally, to the study of dynamic biological processes.

2. Methods

2.1. Variational autoencoders

VAEs (Kingma & Welling, 2013) are deep neural network architec
tures that combine generative and probabilistic modeling, exploiting the 
principles of variational Bayesian inference. As autoencoders (AEs), they 
compress data input, thereby reducing dimensionality, and then 
decompress it back into an approximation of the input itself. The input 
image x ∈ ℝn is firstly compressed into a low-dimensional data point z ∈

Rd (d < n) through the encoder E(x), then decompressed back through 
the decoder D(z). Encoder and decoder functions are parameterized by 
deep neural network blocks, in which parameters are represented by the 
weights and biases of those networks in terms of code. The main dif
ference compared to traditional AEs is that the compressed representa
tion of the input sample x, i.e. z, is determined in a probabilistic way and 
randomly sampled from a Gaussian distribution. Thanks to its varia
tional nature, the latent space is represented as a smooth, continuous 
distribution; hence VAEs can generate a wider variety of novel data 
samples, leading to better generalization. Input data x is compressed in 
z, chosen from the prior distribution pθ(z). Then, the generative block 
recreates an approximation of x from the likelihood pθ(x|z). Variational 
inference is used to form an approximation for pθ(z|x) due to its 
analytical intractability. In this way, the posterior distribution over a set 
of unobserved variables z = {z1, z2,⋯, zd} given some input data x is 
approximated by a so-called variational distribution qϕ(z|x) ≈ pθ(z|x). 
The distribution qϕ(z|x) can be defined as: 

qϕ(z1, ..., zd|x) =
∏d

j=1
qϕ(zj

⃒
⃒g
(
zj
)
, x

)
(1) 

with g(zj) being a set of variables derived from variables zj.
Defining a differentiable loss function is necessary to update the 

network weights through backpropagation (Raúl Rojas, 1996). In VAEs, 
the idea is to optimize jointly the generative parameters θ and ϕ, to 
maximize the similarity between data input and data output, thus 
reducing the reconstruction error and making qϕ(z|x) the best approxi
mation for pθ(z|x), respectively. The objective function of this model is 
the so-called evidence lower bound (ELBO): 

ELBO = logpθ(x) − DKL(qϕ(z|x)‖pθ(z|x)) (2) 

Maximizing ELBO means maximizing simultaneously the log-likelihood 

of the observed data and minimizing the divergence of the approximate 
posterior qϕ(z|x) from the exact posterior pθ(z|x).

Indeed, the second term in Eq. 3 represents the Kullback-Leibler (KL) 
divergence (Kullback & Leibler, 1951) between qϕ(z|x) and pθ(z|x), 
which is non-negative, so that ELBO ≤ logpθ(x). The reparameterization 
trick makes the sampling process differentiable, allowing the model to 
be trained using backpropagation. Instead of directly sampling a latent 
variable z from a distribution N(μ,Σ), it is reparametrized as 
z = μ+σ • ∊, where ∊ ∼ N(0, I) is a standard normal random variable, 
and σ is derived from the covariance matrix Σ (e.g., using the Cholesky 
decomposition Σ = σσT). This allows gradients to flow through μ and Σ, 
enabling efficient optimization via backpropagation. Prior pθ(x) is 
considered as a standard normal distribution, i.e., pθ(x) ∼ N(z;0, I), 
while the variational distribution qϕ(z|x) is assumed to be derived from 
the generative process as isotropic multivariate Gaussian form N

(
z; μ,

σ2I
)

and μ := hϕ
(1)
(x), logσ2 := hϕ

(2)
(x), where hϕ

(1) and hϕ
(1) are two 

outputs of the encoding network. Under this assumption, DKL can be 
expressed analytically as: 

DKL
(
qϕ(z|x)‖pθ(z)

)
= −

1
2
∑d

j=1
(1 + logσj

2 − μ2
j − σj

2) (4) 

where d is the dimensionality of z. Averaging the results of random 
sampling, simplifying integrals and expectations through Monte Carlo 
approximation, the exact loss VAE (as negative of ELBO) results: 

lossVAE(ϕ, θ; x) = −
∑n

i=1
Eqϕ(z|xi)[logpθ(xi|z) ] − DKL

(
qϕ(z|xi)‖pθ(z)

)
(5) 

The loss function can be minimized with respect to both generative and 
variational parameters through stochastic gradient descent learning 
(Robbins & Monro, 1951). The model aims to reconstruct each xi 
accurately from its compressed representation, zi, thanks to the first 
term of Eq. (4), which therefore can be seen as a Reconstruction Loss. It 
also enforces that the latent variables zi follow a standard normal dis
tribution with the second term, the regularization one. This dual 
objective ensures that while the model captures the essential features of 
the data, the latent space remains well-structured and regularized, 
making it easier to generate new, realistic samples.

2.2. VAE-motion

We exploited generative capabilities and structured organization of 
latent spaces in VAEs to investigate temporal dynamic phenomena. 
VAEs learn a probabilistic mapping from input data to a lower- 
dimensional latent space, capturing essential features and enabling the 
generation of future states. Here, we introduce VAE-MOTION, an 
architectural variant of the VAE that explicitly emphasizes temporal 
continuity within the latent space. In addition, we propose a training 
approach that presents input data in a way that enhances the similarity 
of sequences between adjacent frames, thereby improving the model’s 
ability to extrapolate signals and predict future states more accurately.

VAE-MOTION, unlike standard VAEs, introduces a pre-encoder that 
preprocesses input data, producing a representation with the same input 
frame dimensionality while accounting for temporal convolution in each 
input sequence through the use of 3D convolutional layers. The “time 
encoder” utilizes convolution filters that operate in both space and time. 
This allows it to capture intricate spatiotemporal patterns and preserve 
dynamic relationships between frames. As a result, the latent space 
benefits from a more regular structure. Whereas standard VAEs treat 
each frame as an independent entity and process it separately, this ar
chitecture considers dynamics as a fundamental feature for representing 
frames in the latent space. VAE-MOTION utilizes these capabilities to 
encode temporal dynamics, facilitating the creation of a latent space 
useful for studying contraction dynamics and generating accurately 
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reconstructed output frames. This design guarantees that each recon
structed frame is generated by processing a sequence of consecutive 
frames, enabling more accurate predictions and improved temporal 
coherence in video reconstruction (see Fig. 2).

2.2.1. VAE-motion architecture
The model’s architecture is shown in Fig. 2 and detailed in Table 1. 

For each iteration, the first block receives a temporal series of data as 
input, with a total of m sequential frames of [128x128] pixels and per
forms 3D convolution on them, with m depending on the case study. 
Then, a max pooling layer ensures that the dimension of the obtained 
Time Encoder output is the same as the original data (128x128), 
concentrating relevant information. After this temporal pre-encoding, it 
enters the architecture of a standard VAE and, in the latent space, it 
results in a single data point z ∈ Rd, with d fixed to 20. Latent signals are 
extracted as a sequence of data points corresponding to a series of 
temporally ordered batches (with stride equal to one), each one of 
dimension 128x128x m. ReLU functions follow convolutional 2D layers 
of the main encoder and decoder as activation layers. With this 
approach, the input processed by the main encoder is not an individual 
video frame but the result of spatiotemporal encoding, represented as an 
image that encapsulates dynamic information. The minimization of the 
cost function in Eq. (4), specifically the difference between recon
structed images and original images, occurs through the generation of an 
intermediate representation. This intermediate data not only ensures 
optimal reconstruction but also aids in building a more robust and 
temporally meaningful latent space. The idea above is to capture vari
ation and movements not only in the spatial but also in the temporal 

domain, helping the model to follow dynamic changes, crucial features 
in the study of tissue contraction behaviors.

2.2.2. Time series extraction
The main concept of the proposed approach is to utilize the latent 

space to encode input contractile videos and subsequently extract dy
namic information, such as time series, from the latent space itself. In 
particular, two temporal series, named latent distance and latent cumu
lative distance, are extracted from the latent variables z(t) with z(t) ∈ Rd,

as VAE representation of CMs dynamics (Fig. 2), respectively of tissue 
contraction velocity, vVAE(t), and of contraction amplitude (e.g. cumu
lative displacement), AVAE(t), as follows: 

Fig. 2. VAE-MOTION exploded architecture. Input videos are organized into batches of m frames. For each iteration, a single batch is processed through the Time 
Encoder, Main Encoder, and Decoder, resulting in the reconstruction of a single frame. In the latent space, each batch is represented by a single point. Sequences of 
temporal adjacent batches are codified in dynamic time series.

Table 1 
Layers of the proposed VAE-MOTION architecture.

Time Encoder Main Encoder Decoder

m x m x m conv3D, 
ReLU

3 x 3 x 32 conv2D, 
ReLU

Fully connected

1 x 1 x m 
maxPooling3D

3 x 3 x 32 conv2D, 
ReLU

8 x 8 x 64 transposedConv2D, 
ReLU

​ 3 x 3 x 32 conv2D, 
ReLU

3 x 3 x 32 transposedConv2D, 
ReLU

​ 3 x 3 x 64 conv2D, 
ReLU

3 x 3 x 16 transposedConv2D, 
ReLU

​ Fully connected 3 x 3 x 16 transposedConv2D, 
ReLU

​ ​ 3 x 3 x 8 transposedConv2D, 
ReLU 
3 x 3 x 1 transposedConv2D, 
ReLU
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vVAE(t) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑d

i=1
(z(t + 1, i) − z(t, i) )2

√
√
√
√ (6) 

AVAE(t) =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑d

i=1
(z(t + 1, i) − z(t0, i) )2

√
√
√
√ (7) 

In essence, these signals quantify how the latent representation of each 
frame evolves over time. The latent distance measures the frame-to- 
frame changes in the latent space (relative evolution with respect to 
the previous frame), capturing the instantaneous contraction velocity 
vVAE(t). The latent cumulative distance measures the deviation of the 
latent code from a reference frame t0, capturing the overall contraction 
amplitude AVAE(t). These metrics thus provide a way to translate the 
latent dynamics of the tissue into interpretable temporal signals 
reflecting contraction behavior.

2.3. Phantom video generation

Training of deep learning models requires a substantial amount of 
data. To address shortages of data, synthetic data are often generated to 
augment the dataset (Benezeth et al., 2024; Prakosa et al., 2013). We 
generated a set of phantom videos simulating realistic scenarios to train 
the model. Then, the effectiveness of these videos was tested using real 
data. By isolating and manipulating specific parameters, we were able to 
generate phantom videos, creating a dataset with controlled variability 
that replicates various biological scenarios.

We generated a series of simulated videos using the displacement 
fields extrapolated from TLM videos of cardiac tissues beating under 
normal conditions (baseline), without any pharmacological treatment 
and without pacing. This approach enhances the model’s capacity to 
discern features pertinent to the application context, e.g., in our case 
study, modifying the displacement vector field to simulate the effect of a 
specific drug on cardiomyocyte contractility.

To initially obtain displacement fields of baseline videos, we 
analyzed them by exploiting PIV (Harmand et al., 2013). PIV measures 
vector fields of displacement, evaluating the cross-correlation between 
pairs of adjacent frames in each sequence. In particular, for a given 
observation window, it produces the most probable position that the 
same window occupies in the next frame. This work uses tailored 
modifications of MATLAB’s PIVlab algorithms (Thielicke & Stamhuis, 
2014; Thielicke & Sonntag, 2021).

Before applying the PIV algorithm, each frame undergoes a pre- 
processing step to enhance image quality and facilitate the analysis. 
The first step increases the contrast of the input image by mapping in
tensity values linearly; the second step transforms the values using 
contrast-limited adaptive histogram equalization, CLAHE (Zuiderveld, 
1994). Small sub-images (i.e., interrogation windows) of an image pair 
are cross-correlated, giving back the most probable particle displace
ment in the interrogation areas in uniform grids with fixed resolution.

The cross-correlation matrix (implemented as in Eq. (7) is used to 
derive pattern matching between interrogation area A and interrogation 
area B of a different frame (Huang et al., 1997): 

C(m, n) =
∑

i

∑

j
A(i, j)B(i − m, j − n) (8) 

The correlation function is calculated in the frequency domain with the 
Fast Fourier Transform (FFT) function to reduce computational costs. 
Background noise is avoided by running several passes on the same grid. 
The result of the first pass is used as an offset for the following ones and 
so forth.

Subpixel precision in terms of displacement is achieved by the 
principle of the Gaussian 2x3 point fitting (Thielicke & Stamhuis, 2014): 
a more precise location can be derived from the location of the intensity 
peaks in the correlation matrix by fitting a Gaussian function from three 

points for each of the two dimensions separately.
In summary, the video generation process follows the following 

steps: 

1. Extraction of the displacement field via PIV from a baseline video.
2. Bicubic interpolation to derive estimates of pixel-by-pixel displace

ments (Thielicke & Stamhuis, 2014), obtaining the components of 
the displacement field u(x, y, t) and v(x,y, t).

3. Modification of the displacement field ̃u(x, y, t) = f(u(x, y, t) ), ̃v(x, y,
t) = g(v(x, y, t) ), with f and g independent functions, chosen by the 
operator to simulate specific conditions.

4. Selection of a reference frame I(x, y, t0) to obtain t = 1 corresponding 
to a frame of stillness before the onset of contraction.

5. The iterative process of generation of successive frames via appli
cation of the modified displacement field for tn = 2,3,…tN, with tN 
corresponding to the end of the relaxation cycle, as I(x, y, tn) =

I
(
x − ũ(x, y, tn− 1), y − ṽ

(
x, y, tn− 1

)
, tn− 1

)
.

When working with non-integer displacement values, finding the 
exact new pixel intensity value at specific coordinates is not always 
possible. Therefore, each frame generation involves considering the four 
neighboring pixels at the resulting position and computing a weighted 
average based on their luminous intensity values. The weight assigned to 
each pixel is determined by its distance from the actual position iden
tified by the displacement field. This process assumes rigid and bijective 
pixel-by-pixel displacements, which simplifies the computations but 
introduces an approximation. As a result, the reconstruction error tends 
to increase with successive iterations. To reduce this error, the final 
video is obtained as a weighted average between two versions: one 
obtained by applying the displacement field forward in time from frame 
I(x, y, t0) to I(x, y, tN) and one obtained by applying the displacement 
field backward from frame I(x, y, tN) to I(x, y, t0). This approach reduces 
the impact of systematic errors that accumulate iteration after iteration. 
Combining the two versions using a weighted average, the comple
mentary information from the two temporal flows is leveraged.

3. Experimental analysis

This section presents a detailed experimental analysis to validate the 
proposed VAE-MOTION for analyzing contractile dynamics in human 
pluripotent stem cell-derived cardiomyocytes (hPSC-CMs). The 
following subsections describe the generation of synthetic datasets, the 
simulation of degradation effects, and the training and testing proced
ures for the model, ultimately demonstrating its efficacy in recon
structing both visual and physiological data under challenging 
conditions.

3.1. Experimental dataset

To demonstrate the efficacy of this new method, we applied VAE- 
MOTION to two physiologically and pharmacologically relevant exper
imental models that involve hPSC-CMs: (1) 2-D monolayer of hPSC-CMs 
cultures and (2) cardiac microtissues composed of hPSC-CMs and hPSC- 
derived endothelial cells (hPSC-ECs) (Giacomelli et al., 2017). All videos 
were recorded under bright-field conditions with an optical microscope 
with 10x objective and 100 s− 1 frame rate. The videos have already been 
analyzed using the MM tool (Sala et al., 2017).

To train the model, we considered three different experiments for 
each of the two case studies. Each experiment included one baseline case 
video, showing tissue contraction without any treatment or pacing as a 
control, and six videos monitoring the tissue’s response to pharmaco
logical treatment with six concentration levels of nifedipine, an L-type 
calcium channel blocker. Nifedipine alters the heart’s contractile force 
with a negative inotropic effect. Thus, with the increase in drug con
centration, contractile force progressively decreases (Schwinger et al., 
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1991).

3.2. Generation of synthetic datasets at different drug concentrations

We extracted the displacement fields of each video and, starting from 
them, the corresponding contraction velocity signals were derived as: 

sig(t) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

mean(|u(t)|)2
+ mean(|v(t)|)2

√

(9) 

Analyzing these signals, we extrapolated the temporal indices that mark 
each beginning of contraction and end of relaxation phases. These 
indices allowed us to select reference frames from original videos and 
use them to generate synthetic videos that simulate the effect of 
increasing nifedipine concentrations.

In the case of monolayers, the tissue contraction occupied the entire 
field of vision, with the tissue tightly adhering to the entire substrate. 
However, in 3-dimensional cardiac microtissues, the contraction 
occurred exclusively in the tissue portion within the microtissue itself. In 
addition, for the 3D scenario at different drug concentrations for the 
same experiment, a remarkable shift in the x-y plane was observed in the 
videos because of changes in the experimental conditions caused by the 
perfusion of the drug on the microtissues, which led to significant 
morphological differences in the frames.

To obtain morphologically comparable videos of the different con
centrations, we extracted correlation maps between the reference 
frames of all the videos belonging to the same experiment. This way, it 
was possible to identify regions of [512 x 512] pixels that maintained the 
maximum correlation between different drug concentrations, ensuring 
that the region’s center corresponded as much as possible to the cultured 
microtissue centroid.

Thus, we used the displacement fields of only the baseline videos 
(untreated) and modified them by progressively reducing, for each pixel, 
their module (in Eq.8) with a factor of reduction of r(t) =

M•(t− t0)
tpeak − t0 witht ∈

(
t0, tpeak

)
; r(t) =

M•(t− tpeak)

tend − tpeak
witht ∈

(
tpeak, tend

)
, considering M varying from 

0 to 0.12 in increments of 0.02. The obtained module was s(t) =
sig(t) − r(t). For each pixel, the corresponding displacements in both x 
and y coordinates were derived as x(t) = s(t)*cosα and y(t) = s(t)*sinα,
by maintaining the same direction of the movement, α, to simulate the 
decrease in contractile force induced by nifedipine. With the approach 
described above, we obtained from the displacement fields, for each 
experiment, a set of seven synthetic videos, respectively six simulated 
drug concentrations and one simulated control, each responding to a 
decrease in the peak of contraction velocity consistent with the inten
sification of nifedipine (See Supplementary Video 1 and 2 for one of the 
control videos, respectively for monolayer and microtissue). The choice 
of M depends on the maximum value of the baseline signal and is 
fundamental for generating curves that align with the real scenarios, 
particularly to represent potential drug effects. Specifically, in this case, 
the highest level of M, (M = 0.12) corresponds to a video where the 
beating stops, resulting in a curve where the beating becomes nearly 
undetectable, mimicking the real effect of a high drug concentration. We 
opted to produce a linear reduction in contraction amplitude to 
streamline the algorithm’s implementation. In fact, this phantom data
set was not designed to perfectly replicate real drug-treated videos at 
different concentrations, but rather to provide a controlled and repro
ducible framework where the contraction dynamics could be modulated 
in a predictable manner.

This approach maintains the efficacy of simulating changes in 
contraction dynamics while ensuring computational efficiency and 
robustness without constraining the training process to specific real 
concentrations. Velocity signals from CMs are composed of two peaks 
for each beat, corresponding respectively to the contraction and to the 
relaxation phase. Evaluating the trend of the peak in contraction ve
locity is one of the key parameters in the study of drug response. We 
resized each frame of phantom videos with a scale factor of 0.5 and 

extracted 4 crops of [128 x 128] pixels to obtain 28 video crops per 
experiment (7 concentration levels, 4 crops each), as shown in Fig. 3.

3.3. Simulation of degradations effect on videos

Several limitations can occur in experimental setups. Some relate to 
the necessity of collecting large volumes of data to achieve statistically 
significant results, which may require compromising resolutions to 
enable rapid acquisitions or extended recording time, while others relate 
to unpredictable environmental events, such as temperature fluctua
tions, vibrations, and illumination changes, beyond operators’ control.

The core of our study was to assess the ability of VAE-MOTION to 
reconstruct original video data correctly. This approach involved 
reconstructing input frames to restore them to their original condition, 
regardless of whether data contained degradations or not. We aimed to 
restore not only the visual content of input images but also significative 
physiological metrics, such as dynamic responses, allowing for the 
extraction of accurate dose–response curves, critical when derived from 
degraded conditions.

In this work, we considered two kinds of degradation to validate the 
efficacy of our VAE-based methodology: (1) unwanted noise introduced 
during data acquisition and (2) known resolution limitations.

In (1), we considered two scenarios: 

- Random Gaussian noise, typically introduced by various sources in the 
acquisition system, like cables, cameras, or sensors.

- Motion blur, introduced by unwanted shifts in the chip/well position 
relative to the microscope or vibrations affecting the microscope 
table, often caused by external factors such as machinery, building 
oscillations, or environmental disturbances.

In (2), we considered the two possible scenarios: 

- Limited spatial resolution, leading to the inability of the acquisition 
system to capture fine spatial details in the x-y plane. This may arise 
while aiming for a high temporal resolution.

- Limited temporal resolution, resulting in the loss of rapid dynamic 
changes in time.

Thus, we generated five datasets for each experiment: one control 
dataset without degradation and four degraded datasets, each corre
sponding to one of the scenarios outlined above.

Random Gaussian noise was added to the phantom training dataset 
with mean μ = 0 and standard deviation σ = 0.1 and σ = 0.07 for 
monolayers (see Supplementary video 3, left) and microtissues (see 
Supplementary Video 7, left), respectively.

Motion blur noise was added to phantom videos through a bidimen
sional filter that approximates, once convolved with an image, the linear 
motion of a camera with a length that varies randomly from 0 to 15 
pixels and an angle from 0 to 30 degrees clockwise for both monolayers 
and microtissues case (respectively Supplementary Video 4 and 8, left).

Spatial resolution was degraded by downsampling. In the case of 
monolayers, resolution was decreased by a factor of 16 for each axis 
(Supplementary Video 5, left) and in microtissues by a factor of 8 for 
each axis (Supplementary Video 9, left). To preserve the network ar
chitecture, the frame sequences were then returned to their initial 
dimensionality of [128 x 128] pixels through an upsampling with 
bilinear interpolation.

Time resolution was reduced. One frame every 11 was maintained in 
the case of monolayers (Supplementary Video 6, left) and one every 9 in 
the case of microtissues (Supplementary Video 10, left), reducing the 
overall number of frames. As for spatial resolution degradation, frames 
underwent linear interpolation over time to maintain the architecture 
and restore the initial number of frames. In the microtissue case study, 
the noise level inducing problems in the evaluation of contractile dy
namics was lower than in the case study of monolayers. Hence, the 

G. Curci et al.                                                                                                                                                                                                                                   Expert Systems With Applications 299 (2026) 130302 

7 



above choice of the levels of degradation was introduced.

3.4. Model training and test

To handle the data effectively, we trained the VAE-based model 
separately for each experiment and each specific degradation condition, 
completing the training after 400 epochs per model. We organized the 
data to obtain a batch in each iteration (total of 400) containing m of the 
400 frames for all 28 crops used in the training. Input data were orga
nized as random sequences of m frames so that the input dimension of 3- 
dimensional convolutional layer was 128x128x m, with m = 5. Only in 
the case of decreased temporal resolution, m = 11 (monolayer), and m =

9 (microtissue). Indeed, each training batch received just one original 
frame. The learning rate was fixed to 0.0005. We used the adaptive 
moment estimation (Adam) optimizer algorithm (Kingma & Ba, 2014) to 
update the network learnable parameters. All the simulations were 
performed in MATLAB R2023a on a system with NVIDIA GeForce RTX 
4060, 32 GB RAM, i7-12700F CPU, and Windows 11 Enterprise 23H2. 
As described above, the training phase was conducted using phantom- 
generated videos. Each model was trained to extract d = 20 latent var
iables from the latent space. This value was chosen heuristically from the 
experiments. We trained the model to reconstruct the data in their 
original aspect without degradation. The effectiveness of this method 
was then tested on real original videos.

4. Results

This section aims to showcase the results of applying the proposed 
VAE-MOTION framework, emphasizing the role of the time-encoder on 
both unaltered and degraded video datasets. The evaluation focuses on 
its ability to accurately reconstruct dynamic contraction signals and 
extract essential physiological parameters. Additionally, the proposed 
method is compared to conventional approaches, such as PIV and MM.

4.1. Unaltered-videos condition

Firstly, the model has been rigorously optimized and validated for its 
capability to capture dynamic responses in tissue models. Specifically, 
we demonstrated that the system is able to detect the decrease in CM’s 
contractile performance as nifedipine’s concentration increases. This 

ability is crucial for assessing drug effects on cardiac tissue functionality, 
serving as an excellent readout for pharmacological testing and 
research.

Signals extracted from our model closely resemble those produced 
using other established methods, specifically MM and PIV. Both MM and 
PIV can be used to capture contractile behavior. However, our approach 
delivers equivalent high-fidelity data even when video degradation or 
noise is present, restoring video quality and yielding significant 
contraction parameters. Fig. 4 illustrates the resulting signals obtained 
from videos without degradation, considering two beats for each video, 
consisting of n = 138 total frames. In Fig. 4a, we compared the 
normalized velocity of contraction (vVAE(t)) computed from phantom 
videos during the training phase and from real videos during the test 
phase with that obtained with MM and PIV tools on both 2D monolayers 
and 3D microtissue case studies.

By covering both model types, we can validate our system’s general 
applicability and reliability across different tissue architectures. The 
model performed accurately during both training and testing phases, 
maintaining consistency when applied to real time lapse videos. The 
same accuracy is obtained by extracting normalized signals of cumula
tive displacement (contraction amplitude AVAE(t)), as shown in Fig. 4b. 
In Fig. 4c, we highlight one of the most critical parameters for studying 
contractile trends: the peak in contraction velocity. This peak provides a 
clear indicator of the maximum rate at which the tissue contracts, of
fering a quantitative metric that can be used to compare the effects of 
various drug concentrations on tissue contractility.

4.2. Contribution of the time-encoder in VAE-motion

The use of a VAE is functional in encoding dynamics and extracting 
contraction signals from latent space, as described in Sect. 2.3. Indeed, a 
standard VAE system, with proper training, is already capable of 
reconstructing the video provided as input, producing from the latent 
space representations of the data from which we could derive indicators 
of the contraction dynamics.

In this work, we show that the implementation of a double encoder 
layer, as done in the case of VAE-MOTION, is necessary to overcome 
limitations due to the presence of noise. By encoding temporal varia
tions in the deep architecture, the system is able to restore videos in the 
presence of degradation effects, contemporaneously extracting clean 

Fig. 3. Steps for phantom video generation. a) Extraction of the reference frames corresponding to the beginning of the contraction beat. b) Extraction and 
modification of the displacement field to simulate the effect of different drug concentrations. c) Generated synthetic videos and related contraction signals.
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latent signals indicative of the velocity of contraction and contraction 
amplitude. VAE-MOTION can not only extract useful signals but also 
disregard situations in which noise or limitations on resolutions appear, 
conditions that frequently occur when performing experiments.

Fig. 5 compares the results obtained using classical VAE architecture 
and those obtained using VAE-MOTION after applying Gaussian noise to 
videos. The standard VAE was implemented with a single encoder and 
decoder that share the same architecture as VAE-MOTION’s main 
encoder and decoder, utilizing identical layers and training parameters. 
The comparison shown in Fig. 5 involves phantom videos generated for 
the case of 2D monolayers. It demonstrates the efficacy of a standard 
VAE model in processing unaltered videos, extracting curves coherent 
with the ones used to generate them, but also the necessity of an addi
tional step for counteracting disturbances. The first column shows the 
results obtained using a standard VAE on videos without any degrada
tion. The second column presents the results achieved with the same 
standard VAE when tasked with recovering videos affected by Gaussian 
noise. The third column displays the results obtained with VAE-MOTION 
under the same Gaussian noise recovery task. Fig. 5a shows the time- 
variant reconstruction loss, calculated as the average mean squared 
error (MSE) between the original image and the one pulled out by the 
VAE-MOTION decoder. The MSE has a similar trend in all three cases, 
but it is noisier in presence of noise processed by a standard VAE. Its 
temporal behavior has the same periodicity as the contraction velocity. 
It shows a peak in correspondence with the max value in the velocity 
signal related to the frames with the highest level of deformation relative 
to the reference frames. The distributions present similar mean values, 

with a slightly higher mean (and median) in the case of VAE-MOTION, 
as shown in Fig. 5b. Despite that, the use of VAE-MOTION proved to be 
necessary for the extraction of meaningful signals from the latent space 
(Fig. 5c). Indeed, excluding the presence of degradations the latent 
distances obtained with a standard VAE approach, i.e. without the 
double encoder block, are accurate and manage to estimate the dynamic 
trend over time at various concentrations. However, when the degra
dation is introduced, the obtained curves are noisy and do not allow 
further evaluation to extract the fundamental contraction parameters. 
VAE-MOTION, by proposing more attention to dynamics, allows the 
same curves to be restored. Fig. 5d shows the calculated error between 
the estimated curves and those obtained with the original displacement 
field, derived via PIV and used to generate the phantom videos. The 
reduction shown in the mean error distributions on VAE dynamic curves 
highlights the effectiveness of the VAE-MOTION architecture in 
improving dynamics estimates.

4.3. Real videos after degradation addition

VAE-MOTION’s proposed architecture offers an effective solution for 
estimating critical contraction parameters even in noise-affected videos.

Signals extracted with traditional methods, such as PIV and MM, can 
be advanced tools for studying contraction. However, they become 
difficult to handle once noise or low-resolution conditions are intro
duced (Fig. 6a). As a result, none of these approaches allows the 
extraction of meaningful parameters in the study of contractile func
tions, thus preventing the evaluation of the effect of drug concentration 

Fig. 4. Signals extracted from VAE-MOTION’s latent space obtained during the training and test phases for both 2D monolayers of hPSC-CMs cultures and cardiac 3D 
microtissues. The results were compared with those extracted with MM and PIVlab tools. a) Normalized absolute value of velocity, b) normalized cumulative 
displacement, c) normalized trends in peak of contraction as function of varying drug concentrations, simulated in training, real in test.
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on cardiac models. Fig. 6b shows the concentration–response trend of 
the contraction peak, one of the key parameters, comparing results ob
tained from training the VAE-MOTION network to restore videos in the 
presence of Gaussian noise, motion blur, and low spatial and temporal 
resolutions.

For both the 2D monolayer model and the 3D microtissues model, 
the results obtained (Fig. 6b) remain consistent with the literature (Sala 
et al., 2017) and similar to those observed in Fig. 4c, generated from 
unaltered videos, demonstrating the effectiveness of VAE-MOTION even 
on perturbed data. Similar to the control case, the deviation from the 
mean values is associated with the differences between videos, while 
still showing the correct trend regarding the effect of the investigated 
drug.

See the Right part of Supplementary Videos 1–8 for a visual demonstra
tion of the real videos recovered with VAE-MOTION.

4.4. Statistical comparison between extracted signals

To further validate the accuracy and robustness of VAE-MOTION 
compared to traditional methodologies, we performed a statistical 
analysis on synthetic phantom videos where the ground truth was 
clearly defined. As described in Section 3.2, seven videos were generated 
by linearly modifying the baseline PIV-derived vector fields to mimic the 
effect of drug-induced changes in contraction velocity. Each video was 
divided into four ROIs, resulting in 28 signals per method. The peak 
values extracted from PIV, MM, and VAE-MOTION signals were 
compared against the ground-truth PIV reference using paired two-sided 
t-tests. The resulting p-values (Table 2) were all greater than 0.05, 
indicating no statistically significant differences between VAE-MOTION 
and the existing methods in noise-free conditions. This demonstrates 
that VAE-MOTION provides contraction signals fully consistent with 
established approaches under baseline scenarios.

To complement this analysis, the behavior of the three methods 
under different degradation conditions (Gaussian noise, motion blur, 

spatial and temporal resolution reduction) was evaluated. Performance 
decay curves (Fig. 7) were computed by progressively applying inter
mediate noise levels to the synthetic videos and measuring the agree
ment between reconstructed and ground-truth signals using the 
Concordance Correlation Coefficient (CCC): 

CCC =
2ρ σxσy

σx
2 + σy

2 +
(

μx − μy

)2 

where ρ = corr(x, y) is the Pearson correlation, μx and μy are the means, 
and σx, σy are the standard deviations of the two compared signals. 
Importantly, no additional VAEs were trained; instead, the videos with 
intermediate level of noise were directly provided as input to the VAEs 
trained on high-noise data (detailed in Section 3.3). Results show that 
the performance of PIV and MM drops sharply as noise or resolution 
degradation increases, leading to signals that are either unquantifiable 
(Gaussian/blur noise, Fig. 7c–d) or that lose critical spectral information 
required for parameter extraction (resolution degradations, Fig. 7e–f).

In contrast, VAE-MOTION preserves signal quality across conditions, 
maintaining robust concordance with the ground truth and enabling 
reliable estimation of contraction parameters.

Together, these results indicate that while VAE-MOTION yields 
comparable outcomes to standard methods in ideal scenarios, its key 
advantage emerges under low signal-to-noise ratio or resolution-limited 
conditions, delineating its advantageous operating range for functional 
cardiac analysis.

5. Discussion

The proposed model has been shown to allow in-depth analysis of 
contractile dynamics in cardiac tissues, particularly for the study of drug 
toxicity, while overcoming common laboratory challenges such as noise 
or low image resolution. To explore and analyze the dynamics, our 
system exploits the generative variational behavior of a VAE. By 

Fig. 5. Comparison between results obtained with a standard VAE receiving unaltered input videos, a standard VAE receiving degraded input videos, and VAE- 
MOTION receiving degraded input videos. a) Temporal trend of the reconstruction error. b) Violin plot of RL distributions. c) Contraction-dynamic curves extrac
ted from the latent space. d) Error between obtained curves and those obtained with the original displacement field, derived via PIV and used to generate the 
phantom videos (used as reference).
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regularizing the latent space, a VAE is able to encode samples that are 
similar to each other at close positions within the latent space. The basic 
idea is to exploit this latent space property to represent the contraction 
dynamics in TLM videos. In particular, our tests show that temporally 
close frames, characterized by minimal deformation and morphological 
changes, are encoded at nearby positions in the latent space. In contrast, 
frames that morphologically differ, such as those related to the onset and 
the end of contraction, are encoded in more distant positions.

Thed = 20 latent variables extracted individually show periodic 
behavior aligned with the frequency of contraction of the video under 
analysis. However, in relation to what has just been described, the signal 
of greatest interest is the Euclidean distance between encoding points in 
latent space. For each temporal instant, the Euclidean distance between 
the point z(t) ∈ Rd, encoding of the frame at time t, and z(t − 1) ∈ Rd, 
encoding of the previous frame is calculated. This distance provides an 
indicator of the morphological difference perceived by the network 
between two consecutive frames (Eq. (5). The greater the distance, the 
more significant the difference between adjacent frames. In particular, 
the maximum distance corresponds to the point of maximum contrac
tion. The signal thus obtained can be interpreted as an indicator of the 

velocity of contraction. Similarly, calculating the Euclidean distance 
between each point in the latent space and a fixed point corresponding 
to a reference frame yields a signal that can be assimilated to the 
amplitude of contraction, i.e., the cumulative displacement (Eq. (6). 
Thus described, a VAE in its original form is able to replicate the same 
results produced by tools such as PIVlab or MM, providing the ability to 
perform the same analyses on contraction indicators useful for quanti
fying drug toxicity or efficacy. However, variations in the latent dis
tances might occur not only to contraction events or morphological 
variations but also to variations related to the presence of noise, arti
facts, or degraded experimental conditions.

The innovation of VAE-MOTION stems from the desire to combine 
the variational and generative capabilities of VAEs and also exploit the 
input restoration for the benefit of contraction analysis.

Experimental conditions often impose limitations in TLM video 
recording with noisy results and/or low resolution. This leads to un
certain and poorly reproducible results. The proposed model is able to 
overcome the noise-related limitations, producing more accurate signals 
and thus analysis. Indeed, VAE-MOTION was trained to recognize noise 
or low resolutions in low-quality images and then reconstruct clean, 
unaltered versions of them. VAE-MOTION training exploited the gen
eration of phantom videos that allowed simulation of all possible con
ditions from a single control video. During training, the implemented 
architecture was designed to minimize the difference between the 
reconstructed image and the original unaltered version (Reconstruction 
Loss). However, the input provided to the encoder was the degraded 
video. In this way, VAE-MOTION can represent the salient features of 
the original image despite imperfections in the input, enabling more 
accurate reconstructions and signals for dynamic analysis. The original 
version of VAE alone cannot meet the demand (Fig. 5). This led to the 

Fig. 6. Results obtained from degraded videos in the real case scenario with 2D monolayers of hPSC-CMs cultures and 3D cardiac microtissues. a) Curves obtained 
with PIV or MM, wherefrom contraction parameters cannot be extracted. b) Concentration-response curves obtained for the contraction’s peak during the test phase 
for four degradation scenarios compared to curves obtained from PIV analysis on original videos.

Table 2 
P-values resulting from t-test comparison in peak values 
extraction through different methodologies with respect 
to the ground truth.

Comparison p-value

Original Signal vs PIV 0.6827
Original Signal vs MM 0.1591
Original Signal vs VAE 0.1192
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Fig. 7. Statistical comparison between extracted signals and performance decay analysis. a) Signals extracted from the synthetic baseline video with PIV, MM, VAE- 
MOTION compared to the Original Signal. b) Paired t-test results comparing contraction peak values obtained from PIV, MM, and VAE-MOTION signals against the 
ground-truth PIV reference in synthetic phantom videos. c–f) Performance decay curves of PIV, MM, and VAE-MOTION under different degradation conditions.
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implementation of an additional block to the main Encoder, the “Time 
Encoder” block, which provided information on tissue dynamics. The 
block receives, as input, time sequences of adjacent frames, degraded 
and not, and applies three-dimensional convolutional filters (with third 
dimension being time) and returns output of spatial dimensions iden
tical to the input but with the third dimension equal to one. The output 
of this block enters the Main Encoder and VAE-MOTION makes sure that 
the first frame of the input sequence is reconstructed in its unaltered 
version. The addition of Gaussian noise is taken as an example in Fig. 5, 
and it shows how the improvements obtained do not specifically reside 
in the morphological reconstruction of each frame. Instead, the recon
struction error (RL, computed as MSE) shows, in all three comparative 
cases, a trend correlated to the speed of contraction, i.e., the recon
struction is more difficult in the presence of higher contraction veloc
ities. The improvement obtained with VAE-MOTION is, however, clearly 
visible in the extraction of signals from the latent space. The introduced 
noise, if not recognized and further modeled with a temporal block, is 
also reflected in the extracted signals, which are not evaluable to extract 
fundamental kinematic parameters. The signals extracted with VAE- 
MOTION in the case of added noise are shown to be comparable to 
those extracted in the case of no added noise. Thus, our model allows the 
evaluation of contraction parameters, even where other known methods 
fail, as demonstrated in Fig. 6. The concentration–response curves, for 
example, of the peak of the contraction velocity are kept the same as in 
Fig. 4c, which were extracted from the unaltered videos.

The model’s ability to accurately track and extract this peak velocity 
further solidifies its utility in pharmacological testing, enabling precise 
monitoring of contractile dynamics and facilitating detailed drug effect 
analysis. The system has been tested on both 2D and 3D models, 
demonstrating its versatility of application for temporal analysis in 
different contexts even though, morphologically, the contraction de
velops in a completely different way.

6. Conclusion

This paper presents a new deep learning model based on a VAE for 
contraction analysis in TLM videos, named VAE-MOTION. The method 
provides a new way to extract information about the contractile activity 
of cardiac tissues under optimal and sub-optimal experimental condi
tions. By exploiting an additional temporal encoder in the VAE archi
tecture, the model is able to account for the input dynamics and produce 
accurate analysis, even in the presence of degradations, such as noise or 
low-resolution conditions, due to very common limitations in experi
mental setups.

The proposed network was trained using synthetic videos of con
tractile CMs in two biological case studies: 2D monolayer of hPSC-CMs 
cultures and 3D cardiac microtissues of hPSC-CMs and hPSC-derived 
endothelial cells. Phantom videos were produced by extracting the 
displacement field of the baseline video and modifying it to simulate the 
effect of the drug nifedipine, a negative inotrope, and applying it to a 
reference frame. Multiple synthetic conditions were simulated and 
applied to reference frames of original videos to ensure reliability of the 
morphological structures in the simulated videos. The tests were con
ducted on real videos with the addition of noise, complicating the 
evaluation of dynamics using already existing methods. The proposed 
model proved effective in recovering the high quality of the videos, 
repairing degradations, and extracting useful and consistent information 
for the assessment of possible drug toxicity.

VAE-MOTION proved to be a powerful deep learning tool for 
analyzing cardiac contraction in TLM videos, demonstrating adapt
ability to different biological contexts. By virtue of its features, the 
model could be optimized and used in further studies of dynamics, both 
in the context of cardiac tissue and other in-vitro models, and in 
completely different applications, even outside the TLM framework.
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