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A B S T R A C T

In recent years, advances in Artificial Intelligence have significantly impacted computer vision, enabling solu
tions to complex tasks such as video frame prediction. This task has critical applications in domains like 
autonomous cars, weather forecasting, and video compression. While Deep Learning has proven effective in 
spatiotemporal modeling, current architectures often face trade-offs between prediction accuracy and compu
tational efficiency. To address this challenge, this study evaluates lightweight hybrid deep learning models that 
operate at the feature-map level, using autoencoders for spatial encoding and temporal sequence modeling 
through Convolutional Long Short-Term Memory (ConvLSTM), 3D Convolutional Neural Networks (3D CNNs), 
and related temporal architectures. The proposed solutions are tested in terms of performance, latency and 
energy consumption on three datasets of varying complexity, encompassing synthetic and real-world scenes, as 
well as grayscale and color imagery. Results show that architectures based on 3D CNNs and ConvLSTMs 
outperform other approaches on low-complexity real-world datasets. Moreover, the proposed models signifi
cantly reduce inference time and energy consumption, key advantages for practical deployment in scenarios such 
as video streaming or embedded vision systems.

1. Introduction

Computer science has experienced significant development in recent 
years, largely due to the impact of new techniques in Artificial Intelli
gence (AI). This branch of computer science studies and interprets the 
mechanisms behind human intelligent behavior, aiming to replicate 
such behaviors in machines, though not necessarily using the same un
derlying processes [16]. Although the foundations of AI were estab
lished in the 1950s, breakthroughs have only occurred in recent years, 
driven by the massive increase in available data and improvements in 
computational power.

These advancements have significantly benefited various application 
areas, such as signal processing, Natural Language Processing (NLP), 
and computer vision. The latter is defined by [7] as a discipline that 
seeks to equip computers with the ability to interpret, analyze, and 
understand visual information from their surroundings, including 

images and videos. It is within computer vision that we find one of the 
great milestones of modern AI: the development of AlexNet in 2012, 
which won the ImageNet competition with a groundbreaking perfor
mance [20]. Since then, computer vision has become one of the most 
rapidly evolving areas of AI, with applications such as image classifi
cation, object recognition, and video frame prediction.

Video frame prediction remains a challenging task for modern AI 
techniques. Videos are sequences of frames over time, requiring not only 
image feature extraction but also sequential pattern analysis. The task 
has broad practical applications spanning surveillance, compression, 
and autonomous cars. These challenges are compounded by the di
versity of video content, including differences in frame nature (synthetic 
vs. real) and color spaces (grayscale vs. color videos), which also affect 
Deep Learning models' performance. Deep Learning, as defined by [23], 
involves multi-layered hierarchical artificial neural networks capable of 
learning data representations with progressively higher levels of 
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abstraction from raw input.
The primary motivation of this study is to evaluate the effectiveness 

of lightweight hybrid Deep Learning architectures that combine two 
fundamental components for videos: convolutional models for spatial 
feature extraction and sequence modeling techniques for temporal 
pattern analysis. These architectures are intentionally designed to be 
computationally efficient, as video frame prediction tasks often demand 
real-time or low-resource deployment. To assess the generalizability of 
the proposed models, experiments were conducted on three datasets 
with varying characteristics: a synthetic grayscale dataset, a grayscale 
real-world dataset, and a color dataset consisting of natural video 
scenes. This diverse dataset selection enables a preliminary yet 
comprehensive exploration of model performance across different video 
types and complexities.

The main challenging novelty of our approach lies in designing and 
evaluating different hybrid (Autoencoder and temporal processing 
models) architectures that operate at the feature map level, rather than 
directly on full video frames. By using this approach, the networks are 
significantly more lightweight, as it processes the main representative 
features of each frame instead of raw pixel data. All proposed pipelines 
follow a unified three-step structure: first, an Autoencoder extracts 
frame features from the input video frames; second, various Deep 
Learning models for sequential pattern analysis, such as Recurrent 
Neural Networks (RNNs), are used to predict the subsequent feature 
map; and third, the decoder component of the previously trained 
Autoencoder reconstructs the video frame from the predicted features. 
Unlike previous studies that typically focus on a single temporal archi
tecture or evaluate only predictive accuracy, the present work provides a 
unified benchmark of lightweight feature-map-level video prediction 
models. Models' performance is evaluated not only through frame pre
diction quality but also through latency and energy consumption 
metrics.

The contribution of this work does not reside in proposing new 
neural network components, but in designing and evaluating a light
weight hybrid framework for video frame prediction, which operates at 
the feature level by combining Convolutional Autoencoders with deep 
sequence models. This includes six three-stage pipelines that integrate 
feature extraction, temporal modeling, and frame reconstruction which 
are evaluated under identical experimental conditions. The study also 
analyzes the influence of three datasets of varying complexity, covering 
synthetic, grayscale, and color real-world videos. Finally, it jointly 
considers predictive quality, inference latency, and energy consump
tion, providing practical insights for real-time and resource-constrained 
deployments.

Results show that apart from achieving competitive predictive ac
curacy, the proposed approaches demonstrate faster inference and lower 
energy consumption compared to baseline methods, making them 
highly suitable for real-time and resource-constrained applications.

The structure of this paper is as follows. Section 2 reviews prior 
research on video frame prediction using AI techniques. Section 3 de
scribes the data sources and methodology employed in this study. Sec
tion 4 presents the results and their analysis, followed by a discussion of 
their implications in Section 5. Finally, Section 6 concludes the paper 
with a summary of key findings and directions for future research.

2. Related works

This paper aims to evaluate hybrid Deep Learning models for video 
frame prediction. In particular, the proposed approaches benefit from 
other Deep Learning models and their capabilities to extract features 
from images and make an analysis of sequential patterns. Related to the 
present work, we find different previous papers that use Artificial In
telligence techniques for video frame prediction.

Video frame prediction has been addressed for a long time, but in the 
case of classical Machine Learning models, this was such a complex task 
that it was used for intra- and inter-frame prediction. In [22], a Machine 

Learning-based approach using Support Vector Machines (SVM) is 
developed to improve macro-block mode decision in Moving Picture 
Experts Group 2 (MPEG-2) video compression, specifically for inter- 
frame prediction. Another interesting work is [29] that introduces 
GM-RF, a fast intra-frame prediction mode decision algorithm for the 
AOMedia Video 1 (AV1) encoder that uses Random Forest (RF) models 
to group and select prediction modes, significantly reducing computa
tional complexity. [13] present a low-complexity macroblock decision 
algorithm for transcoding MPEG-2 P-frames to H.264, focusing on inter- 
frame prediction using Decision Trees based on the correlation of re
sidual data between formats. Also, [11] propose a High Efficiency Video 
Coding (HEVC) strategy for intra-frame prediction using RF to accelerate 
depth decision and reduce complexity. As can be seen, classical Machine 
Learning models are not powerful enough to deal with frame video 
prediction, and all previous works are aimed at intra- or inter-frame 
prediction with compressed data.

With the development of Deep Learning models in recent years, the 
video frame prediction task has experienced great development. [3]
evaluate two Deep Learning architectures, Convolutional Long Short- 
Term Memory (ConvLSTM) and Generative Adversarial Networks 
(GANs), for human motion frame prediction, training them on the 
UCF101 dataset. They find that the ConvLSTM model, which explicitly 
captures temporal and spatial patterns, outperforms GANs in predicting 
future frames. It should also be highlighted [10], which implements a 
ConvLSTM model to perform next-frame prediction using realistic 
human activity videos from the UCF101 dataset, obtaining great results. 
Also, [24] propose a Deep Learning framework for video compression 
and anomaly detection based on latent space frame prediction using 
ConvLSTM. Their method predicts future frames in the latent domain, 
achieving efficient compression and accurate anomaly detection by 
analyzing discrepancies between predicted and actual frame represen
tations. In [9], a prediction method for video coding using a U-Net ar
chitecture is presented, performing both uni- and bi-directional inter- 
frame prediction without requiring motion vectors. Finally, [32] intro
duce PreCNet, a next-frame video prediction model implemented with 
hierarchical ConvLSTM modules. The model achieves state-of-the-art 
performance on benchmarks like the KITTI and Caltech Pedestrian 
datasets. As we can see, Deep Learning models could achieve video 
frame prediction accurately, but in our case, we wonder if we could 
benefit from the strengths of different Deep Learning models to develop 
a hybrid one.

In the case of hybrid Deep Learning models. Hybrid feature extrac
tion and fusion strategies have also proven effective beyond video pre
diction, for instance, in remote sensing change detection [37] and 
salient object detection in optical remote sensing images [36], further 
supporting the generalizability of hybrid feature-level architectures 
across computer vision tasks. For video frame prediction, we can high
light the following. [25] presents a novel next-frame video prediction 
method that combines MobileNetV2 for frame-level feature extraction 
with a Transformer model for temporal sequence modeling of embed
dings. Also [26], which presents proposed HF2-VAD, a hybrid video 
anomaly detection framework that uses Autoencoders for optical flow 
reconstruction and a Conditional Variational Autoencoder (CVAE) for 
flow-guided future frame prediction. In [26], a hybrid video frame 
prediction model that combines Transformers and LSTM with 3D to 
efficiently model long- and short-term spatiotemporal dependencies is 
presented. We also found [2], which develops a novel hybrid video 
frame prediction model that fuses ConvLSTM and 3D-CNN architectures 
to capture temporal and spatial dynamics, respectively. As demonstrated 
in previous studies, many approaches combine Deep Learning models to 
extract spatial features from images and capture the temporal dynamics 
of frame sequences.

In this work, we adopt a similar strategy; however, to the best of our 
knowledge, this is the first study to benchmark multiple lightweight 
temporal architectures within a unified feature-map prediction frame
work, jointly evaluating reconstruction quality, computational 
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efficiency, and energy consumption across heterogeneous datasets. 
While prior methods either operate directly in pixel space, incurring 
substantial computational overhead, or perform latent-space prediction 
for specific applications such as video compression or representation 
learning, they rarely provide systematic comparisons among recurrent, 
convolutional, and hybrid temporal models under identical experi
mental conditions. Consequently, there is limited understanding of how 
these lightweight paradigms trade off predictive performance against 
latency and energy efficiency in resource-constrained deployment 
scenarios.

3. Materials and methods

In this section, we describe the datasets used in the experimentation, 
and then we formalize all the models that are part of the approaches.

3.1. Video frame datasets

As part of the paper, we are evaluating different Deep Learning 
model approaches. As the nature of the data could influence it, we are 
using three different datasets: one which contains synthetic images in 
black and white, another also in grayscale but with moving people, and 
another one which is the closest to real applications of people per
forming different tasks, which is colored. Following, we are providing 
more information about the different datasets.

The first dataset, Moving MNIST,1 consists of 10,000 sequences of 20 
frames each of size 64 × 64 pixels, portraying two moving digits in black 
and white on a dark background and serving as a synthetic testbed for 
studying object motion and interaction in a single plane. The second 
dataset, ICPR’04 Recognition of Human Actions,2 comprises 599 gray
scale videos with 25 subjects performing six actions: walking, jogging, 
running, boxing, waving, and clapping. These videos exhibit variations 
in scale, clothing, and setting, are recorded at 25 frames per second with 
a resolution of 160 × 120 pixels and have an average duration of four 
seconds. Finally, the UCF1013 dataset contains 13,320 realistic videos 
sourced from YouTube, covering 101 action categories with consider
able diversity in camera movement, appearance, pose, and background. 
Each video, at a resolution of 320 × 240 pixels, belongs to one of 25 
groups, making the dataset a highly representative benchmark for real- 
world human action recognition.

3.2. A set of hybrid models for video frame prediction

As said before, in this work, we are evaluating different hybrid Deep 
Learning approaches tested in the three datasets mentioned above. The 
goal is to leverage the strengths of Autoencoders in extracting the 
essential features of images, along with the capabilities of models such 
as Recurrent Neural Networks (RNNs) and ConvLSTMs to analyze 
sequential patterns in video. Since all proposed approaches follow the 
same overall workflow, we describe it as follows. First, an Autoencoder 
is trained on all video frames to extract feature maps from its bottleneck 
layer, which are then used to construct a new training dataset. Second, 
various Deep Learning models capable of learning from time series data 
are trained on this feature map dataset to predict the next frame's feature 
representation. Finally, the decoder part of the original Autoencoder is 
used to reconstruct the video frame from the predicted feature map. This 
workflow is applied consistently across all three datasets. A schematic 
overview of the proposed method is presented in Fig. 1.

As can be seen in the previous Figure, the workflow implies different 
Deep Learning models that include Autoencoders and sequential archi
tectures, which are defined as follows.

Autoencoder. These are unsupervised learning models; the training 
data is not labeled, originally introduced in [4]. A key characteristic of 
Autoencoders is that the input and output layers normally have the same 
dimensionality, and the model is composed of two main components. 
The first is the encoder, which compresses the input data into a lower- 
dimensional representation that captures its essential features. The 
second is the decoder, which reconstructs the original input by pro
gressively upsampling this compact representation back to its original 
size. In our case, we train an Autoencoder for each of the three datasets 
using pairs of the same frame. Once each Autoencoder is trained, we can 
obtain a dataset of feature maps to train the next models.

In the following, we formalize several spatiotemporal sequence 
models that have been used to predict the next feature map corre
sponding to a video frame.

Recurrent Neural Network (RNN). First introduced by [12], RNNs 
process variable-length input sequences by maintaining an internal 
hidden state, making them well-suited for temporal modeling tasks such 
as video frame prediction.

Long Short-Term Memory (LSTM). Developed by [15], LSTMs 
extend RNNs with gating mechanisms, input, output, and forget gates 
that selectively retain or discard information, enabling effective learning 
over long temporal sequences.

Gated Recurrent Unit (GRU). This model was first described in [8], 
which simplifies the LSTM architecture by using only two gates, update 
and reset, reducing computational complexity while maintaining 
competitive sequential modeling performance.

3D Convolutional Neural Network (3D-CNN). Introduced by [17], 
3D-CNNs apply volumetric convolutions across stacked video frames, 
capturing spatial and temporal features simultaneously.

Convolutional LSTM (ConvLSTM). [31], ConvLSTM replaces the 
fully connected operations in LSTM with convolutional structures, 
enabling simultaneous modeling of spatial and temporal dependencies.

Convolutional RNN (CRNN). This model was introduced by [27], 
CRNNs combine convolutional layers for spatial feature extraction with 
recurrent layers for temporal modeling, processing sequential frames 
through a sliding window to capture spatiotemporal patterns [18].

The benchmark evaluates six representative temporal architectures 
spanning recurrent, convolutional, and hybrid paradigms, providing a 
comprehensive comparison under identical experimental conditions.

3.3. Performance metrics

The first metric, Mean Absolute Error (MAE), evaluates the average 
magnitude of errors between the reconstructed frame and the ground 
truth, [19]. It is computed by taking the absolute value of the difference 
at each pixel to avoid cancelation of positive and negative errors and 
then averaging these absolute differences across all pixels. In Eq. 1, the 
metric is formalized. 

MAE =
1
N

∑N

i=1
∣yi − ŷi∣ (1) 

Like MAE, we also find the Mean Squared Error (MSE), which mea
sures the Euclidean distance between the ground truth image and the 
image reconstructed by the Autoencoder, as described by [30]. A higher 
MSE value indicates a larger discrepancy between the reconstructed and 
actual image, suggesting poorer reconstructed performance. The metric 
is formally defined in Eq. 1. 

MSE =
1
N

∑N

i=1
(yi − ŷi)

2 (2) 

For Eqs. 1 and 2 above, yi represents the value at a specific position in 
the ground truth image and ŷi represents the corresponding value in the 
reconstructed image.

The Structural Similarity Index Measure (SSIM), introduced by [35], 
assesses the perceptual similarity between images, regardless of their 

1 https://www.cs.toronto.edu/~nitish/unsupervised_video/
2 https://www.csc.kth.se/cvap/actions/
3 https://www.crcv.ucf.edu/data/UCF101.php
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absolute quality. It evaluates three key image components, luminance 
(l), contrast (c), and structure (s), each weighted by constants α, β, and γ, 
respectively. In Eq. 2, SSIM is formalized. 

SSIM(x, y) = [l(x, y) ]α • [c(x, y) ]β • [s(x, y) ]γ (3) 

Finally, we have the Kullback–Leibler divergence (DKL) [21], which 
is an asymmetric measure that quantifies how one probability distri
bution, P(x), diverges from a baseline distribution, Q(x), over the same 
set of values of a discrete variable x. In this work, DKL measures dis
crepancies between the global intensity distributions of two images. 
Consequently, it provides additional insight into whether the proposed 
feature-map representations preserve broader statistical characteristics 
such as contrast, texture composition, and intensity allocation, even 
when individual pixel values differ. We found a mathematical formal
ization in Eq. 4. 

DKL(N(μi, σi)‖N(0, 1) ) =
1
2
∑

i

(
1+ ln

(
σ2

i
)
− μ2

i − σ2
i
)

(4) 

In the last Equation, N(μ,σ) is a normal distribution having as mean 
the mean μ and as standard deviation the standard deviation σ of the 
output data obtained in training, and N(0,1) is the standard normal 
distribution.

Summarizing and in terms of interpretation, the formalized metrics 
answer the following questions. MSE and MAE answer “How close are 
the pixels?”, SSIM answers “How well is the scene structure preserved?”, 
and DKL answers “Do the reconstructed frames maintain the same sta
tistical characteristics as the originals?”. The four metrics were selected 
to characterize different aspects of reconstruction quality, but also, they 
should be interpreted as complimentary in some cases.

4. Experimental setup and results

This section presents how the resulting datasets used for the evalu
ation have been pre-processed and how the different approaches were 
trained with them. It also details the metric values obtained to build the 
evaluated frame prediction models. Finally, a comparison between the 
performance of the best approaches for each of the datasets is presented.

The experiments presented in this study were conducted on a high- 
performance computing server. This server is equipped with an AMD 

Ryzen Threadripper 2950X processor, featuring 16 physical cores and 
32 threads, based on a 64-bit x86_64 architecture and capable of fre
quency boosting up to approximately 3.5 GHz. The system includes four 
GPUs: two NVIDIA RTX A6000 units with approximately 49 GB of 
GDDR5X memory each (interconnected via NVLink), and two NVIDIA 
GeForce GTX 1080 Ti cards with 11 GB of GDDR5X memory each. The 
server is supported by 128 GB of RAM and a hybrid storage configura
tion comprising a 256 GB SSD for the operating system and applications, 
along with an additional 3.6 TB hard drive dedicated to data storage. All 
experiments were run on Ubuntu 22.04.1 LTS. The server architecture is 
optimized for performance, featuring advanced networking and I/O 
capabilities, AMD-V virtualization support, integrated hardware moni
toring sensors, remote management options, and built-in mitigations for 
known security vulnerabilities.

4.1. Preprocessing the datasets for a fair comparison

The following preprocessing stage was conducted to ensure a fair 
comparison across the three datasets.

To ensure a fair comparison among the three datasets, a rigorous 
preprocessing stage was conducted, addressing differences in image 
type, number of videos, sequence lengths, and frame sizes.

First, the temporal continuity of each dataset was verified. In the case 
of MNIST, which was already provided as individual frames in a NumPy4

array, geometric and centroid analyses confirmed that consecutive 
frames contained consistent object shapes, and that distance increased 
naturally with frame separation. Selected sequences were then reas
sembled into videos to visually confirm continuous digit motion. For the 
ICPR’04 and UCF101 datasets, originally provided as compressed video 
files, each video was decomposed into individual frames using OpenCV,5

and a sample video from each set was reconstructed to validate that the 
frame extraction process had preserved the correct sequence order.

Next, a common reference framework was established. All sequences 
were standardized to 20 frames each, using truncation for those with 
more frames, since MNIST originally contained 20-frame sequences. A 

Fig. 1. Proposed workflow for video frame prediction.

4 https://numpy.org/
5 https://opencv.org/
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total of 599 sequences from each dataset were then selected, matching 
the smallest dataset size, where MNIST was randomly reduced from its 
10,000 available sequences, and UCF101 was stratified by action cate
gory to ensure balanced representation. Spatial resolution was uni
formly set to 64 × 64 pixels, which included removing black borders in 
certain UCF101 frames and using Lanczos interpolation for consistent 
resizing. MNIST frames were binarized using Otsu's method, improving 
contrast for white digits on a black background, while ICPR’04 frames 
remained grayscale, and UCF101 frames remained in color. Conse
quently, all models trained on these datasets receive data of uniform size 
and length, allowing for a more direct and unbiased performance 
comparison.

4.2. Training a set of video frame prediction approaches

As described in the proposed workflow, the process can be divided 
into three main steps. First, three Autoencoders are individually trained 
to reconstruct the images from each of the three datasets. Second, 
various spatiotemporal models are trained on the corresponding feature 
maps extracted from each dataset, enabling them to predict the next 
feature map in the sequence of a video. Finally, the predicted feature 
map is passed through the corresponding Autoencoder to reconstruct the 
target video frame. This three-stage pipeline involves separate training 
processes and requires the evaluation of different metrics at each stage 
to assess the performance of the models. Following, we have compiled 
all the information related to this part of the experimentation.

This design is motivated by the principle of decoupling spatial rep
resentation learning from temporal dynamics modeling: by operating 
the temporal models on compact bottleneck rather than full-resolution 
frames, the input dimensionality is reduced, directly reducing the 
computational cost per temporal step while preserving the structural 
information necessary for accurate frame reconstruction.

An Autoencoder for image reconstruction. The first model that we 
are training for each dataset is an Autoencoder, which has two aims. 
First, as the present work is based on the idea of predicting feature maps, 
we need to construct these datasets, which are obtained from the three 
trained Autoencoders (one for each studied dataset). Second, this 
Autoencoder will be used to reconstruct the frame by using a predicted 
feature map obtained with the models from the second stage of our 
method.

With this in mind, we have trained three Convolutional Autoen
coders, one for each evaluated dataset. In all the cases, we have applied 
different best practices to obtain accurate models. First, before training 
the models, the creation of the training, validation, and test subsets is 
needed.

In our case, however, there are specific conditions that must be 
considered to maintain entire sequences without splitting individual 
videos. The 80–20 ratio was followed, yielding 480 sequences for 
training and 119 for testing per dataset, corresponding to 9600 training 
frames and 2380 testing frames in each. This approach prevents tem
poral information leaks by keeping entire sequences within one partition 
and ensures a balanced, reproducible data division. Apart from that, all 
images were normalized in ranges from 0 to 1 so they can adapt better to 
the used models.

Once we have our training and test subsets, we are training our 
Convolutional Autoencoders. A grid search strategy was employed to 
optimize hyperparameters by exploring various combinations [6]. 

Table 1 summarizes the hyperparameters used across the different ma
chine learning models during this process, which comprises 100 epochs.

We have used MSE as the guidance metric to choose the model that 
performs the best for each dataset. MSE was selected as the grid search 
guidance metric due to its computational efficiency during the large 
number of evaluation cycles required. This metric has been com
plemented with the others used in this work: MAE, SSIM, and DKL. 
Although all metrics have been computed for all experiments, we have 
only included those that are relevant for describing the best models. 
Table 2 compiles the MSE for training, validation, and test, for each 
stage.

All the results presented in Table 2 indicate that the models perform 
well, showing no signs of overfitting or underfitting. This observation 
aligns with the bias-variance trade-off, as described by [5]. Regarding 
the fact that the performance of the models cannot be compared with 
human performance, bias seems good, as the metrics are very low. In 
terms of variance, none of the models appear to exhibit overfitting as the 
differences between training, validation, and test are very low. We have 
used MSE as a guidance metric to measure the performance of the model 
at first, but we have complemented this with Table 3, which confirms the 
good performance of the three Autoencoders.

The consistently high SSIM values across all three datasets confirm 
that each Autoencoder reconstructs frames with high perceptual fidelity. 
The progressive decrease in SSIM from MNIST to UCF101 reflects the 
increasing visual complexity of each dataset rather than a failure of the 
model, and the low DKL values indicate that the latent distributions 
remain well-structured across all cases.

Once we confirmed that each Autoencoder accurately reconstructs 
frames in each of the datasets. The encoder consists of three convolu
tional layers; the decoder mirrors this structure using transposed con
volutions. We compile the features of the architectures in Table 4.

The selected architectures reflect a natural adaptation to dataset 
complexity: the MNIST and UCF101 datasets benefit from the larger 
filter configuration, producing a bottleneck with greater representa
tional capacity, while the ICPR’04 dataset is well served by a lighter 
configuration. The spatial resolution of the bottleneck is a direct 
consequence of applying three convolutional layers to the input frames, 
reducing spatial dimensions by a factor of 2 at each layer. The channel 
depth (128 or 256) was selected via the grid search strategy depicted in 
Table 1.

Apart from the parameters obtained through the grid search, the 
following hyperparameters were applied to each model. Convolutional 
layers were used with a kernel size of 3, a stride of 2 (halving and 
expanding the image dimensions), and padding set to 1 to prevent in
formation loss at the edges. Each layer includes normalization and uses 
Leaky ReLU as the activation function. The weights were initialized 
using He Initialization, adapted for Leaky ReLU. Finally, the Sigmoid 
activation function is employed in the output layer to constrain the 
predictions between 0 and 1.

A set of spatiotemporal models for predicting feature maps. The 
six architectures were selected to systematically span the temporal 
modeling design space: pure recurrent models representing increasing 
levels of gating complexity (RNN, LSTM, GRU); a spatiotemporal 
recurrent model that jointly captures spatial and temporal dependencies 
(ConvLSTM); a purely convolutional-temporal model that processes 
temporal context through volumetric convolutions (3D-CNN); and a 
hybrid recurrent-convolutional model (CRNN) combining both para
digms. Purely convolutional sequence models, such as Transformers and 

Table 1 
Hyperparameters and values explored during the Autoencoder grid search.

Hyperparameter Values

Conv. Layer Dimensions [32, 64, 128], [64, 128, 256]
Loss function L1, MSE, MSLE, RMSE
Optimizer Adam RSMProp
Learning rate 0.001, 0.0005

Table 2 
MSE values for Autoencoders.

Dataset Training Validation Test

Moving MNIST 2.78 × 10− 5 3.43 × 10− 5 4.20 × 10− 5

ICPR’04 0.0010 0.0010 0.0015
UCF101 0.0017 0.0018 0.0018
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others, were not included in the present study as they fall outside the 
lightweight recurrent-convolutional design space targeted here and 
represent a natural direction for future comparison. These limitations of 
modern architectures are reported in ([28,34]. This architectures' se
lection enables a structured comparison across fundamentally different 
temporal inductive biases within a unified evaluation framework. Once 
we have obtained the Autoencoder for each dataset, we use the latent 
space to train the different spatiotemporal Deep Learning approaches. In 
total, we are training six models for the three obtained datasets, which 
makes a total of 18 solutions. Following the same 80–20 split described 
above, a grid search was applied for each model. In Table 5, we compile 
all the tuned hyperparameters and their values. All models share the 
same hyperparameters and values, except for the number of hidden 
layers; 3D-CNN and CRNN do not utilize this parameter. The number of 
input frames (3, 5, and 10) was chosen to evaluate the effect of short, 
medium, and longer temporal contexts on prediction quality. In this 
case, K-Fold validation has been applied to ensure the generalizability of 
the results and prevent overfitting. K-Fold validation was applied to 
ensure the generalizability of the results and prevent overfitting. Spe
cifically, 5-fold cross-validation was applied with a batch size of 128, a 
maximum of 100 training epochs, and early stopping with a patience of 
10 epochs, monitoring validation loss.

Once we have applied the grid search for the 6 models for each 
dataset, the MSE is used to choose the best approach in each of the 3 use 
cases. Again, MSE was selected as the grid search guidance metric due to 
its computational efficiency during the large number of evaluation cy
cles required; SSIM, which involves more complex perceptual compu
tation, was reserved for final model evaluation to provide a 
complementary perceptual quality assessment. Table 6 provides the 
values of this metric for each dataset in training, validation, and test.

The best models for each dataset have been bolded, so we can see 
that the ConvLSTM is the best for two datasets and the 3D-CNN for one. 
In the three use cases, the best model accomplishes the bias-variance 
trade-off, where the MNIST and ICPR’04 have the best metrics.

To analyze the sensitivity of model performance to each hyper
parameter choice, we examined the average test MSE across all six ar
chitectures and three datasets for each hyperparameter value, derived 
from the grid search top 5 configurations per model and dataset com
bination. Table 7 summarizes these results.

In the Table above, we can highlight the following things. The 
learning rate (lr) has the highest impact on the simpler Moving MNIST 
dataset (lr = 0.0001 achieves mean MSE = 0.077 ± 0.082). In the case of 
real-world dataset its effect is less consistent on ICPR’04, lr = 0.001 
achieves the lowest mean (0.127 ± 0.044). In some cases, lr shows a 
high standard deviation (higher value is0.488), indicating that its per
formance is highly sensitive to model and dataset interactions. In the 
UCF101 best model the metric is more robust, but the MSE is high. The 
optimizer is the most consistently influential hyperparameter across all 
datasets: Adam outperforms RMSprop across all three datasets, and this 

gap widens substantially on the more complex UCF101 (0.237 ± 0.174 
vs. 0.443 ± 0.323). The loss function also exhibits notable sensitivity: L2 
consistently achieves the lowest errors in two datasets, while MSLE 
performs the worst, particularly on UCF101 (0.584 ± 0.412), suggesting 
it is poorly suited for feature-map-level prediction tasks.

Table 3 
Complete evaluation of Autoencoders.

Dataset MAE SSIM DKL

Moving MNIST 0.0014 0.9994 0.0063
ICPR’04 0.0281 0.9089 0.0014
UCF101 0.0313 0.8928 0.0139

Table 4 
Architecture of Autoencoders.

Dataset Encoder–Decoder 
Filter Dimensions

Bottleneck Size Loss function Optimizer Learning rate

Moving MNIST [64, 128, 256] 8 × 8 × 256 L1 Adam 0.001
ICPR’04 [32, 64, 128] 8 × 8 × 128 RMSE Adam 0.005
UCF101 [64, 128, 256] 8 × 8 × 256 MSLE RMSProp 0.001

Table 5 
Grid search hyperparameters for spatiotemporal models.

Hyperparameter Values

Number of hidden layers 1, 2, 3
Size of hidden layers 128, 256
Loss function L1, MSE, MSLE, RMSE
Optimizer Adam, RMSProp
Learning rate 0.01, 0.001, 0.0001
Number of input frames 3, 5, 10

Table 6 
MSE for the different spatiotemporal models regarding the dataset.

Dataset Model Training Validation Test

Moving MNIST

RNN 0.0650 ± 0.0003 0.0651 ± 0.0003 0.0642
LSTM 0.0510 ± 0.0004 0.0517 ± 0.0002 0.0508
GRU 0.0562 ± 0.0002 0.0556 ± 0.0003 0.0562

3D-CNN 0.0380 ± 
0.0013

0.0402 ± 0.0004 0.0394

ConvLSTM 0.0407 ± 0.0003 0.0408 ± 0.0002 0.0402
CRNN 0.0454 ± 0.0005 0.0462 ± 0.0006 0.0451

ICPR’04

RNN 0.1738 ± 0.0086 0.1739 ± 0.0088 0.1646
LSTM 0.1255 ± 0.0012 0.1266 ± 0.0028 0.1314
GRU 0.1547 ± 0.0026 0.1553 ± 0.0047 0.1498
3D-CNN 0.0541 ± 0.0074 0.0576 ± 0.0059 0.0583

ConvLSTM 0.0471 ± 
0.0002

0.0479 ± 0.0010 0.0476

CRNN 0.0460 ± 0.0011 0.0538 ± 0.0011 0.1031

UCF101

RNN 0.4411 ± 0.0064 0.4413 ± 0.0091 0.4356
LSTM 0.4417 ± 0.0003 0.4419 ± 0.0012 0.4441
GRU 0.4426 ± 0.0003 0.4427 ± 0.0012 0.4448
3D-CNN 0.1081 ± 0.0061 0.1171 ± 0.0050 0.1639

ConvLSTM 0.1121 ± 
0.0005

0.1133 ± 0.0023 0.1168

CRNN 0.3303 ± 0.0154 0.3317 ± 0.0153 0.3388

Table 7 
Hyperparameter sensitivity analysis with MSE.

Hyperparameter Value MNIST ICPR’04 UCF101

Learning rate 0.01 0.354 ±
0.232

0.129 ± 0.047 0.331 ± 
0.425

0.001 0.176 ±
0.209

0.127 ± 
0.044

0.385 ± 
0.129

0.0001 0.077 ± 
0.082

0.321 ± 0.488 0.338 ± 0.313

Optimizer Adam 0.138 ± 
0.168

0.111 ± 
0.046

0.237 ± 
0.174

RMSprop 0.154 ±
0.193

0.257 ± 0.384 0.443 ± 0.323

Loss function L1 0.156 ±
0.214

0.340 ± 0.604 0.246 ± 
0.180

L2 0.087 ± 
0.100

0.106 ± 
0.047

0.296 ± 0.164

MSE 0.139 ±
0.159

0.128 ± 0.045 0.260 ± 0.178

MSLE 0.268 ±
0.258

0.263 ± 0.344 0.584 ± 0.412
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To complement the previous results, we have compiled another 
metric at the test stage. In this case, regarding Table 6, only the best 
model for each dataset is shown. The information can be seen in Table 8.

The MAE values confirm the degradation pattern already observed in 
Table 6: performance deteriorates monotonically from Moving MNIST to 
ICPR’04 to UCF101 (0.2364), consistent with increasing visual 
complexity.

In the following, we describe the best models for each dataset. The 
best model for MNIST is the 3D-CNN with hidden layers of size 256. It 
uses RMSE as a loss function, Adam as an optimizer, and a learning rate 
of 0.01. The number of input map features is 5. In the case of ICPR’04, 
the best model predicting feature maps is a ConvLSTM with 2 hidden 
layers of size 256. It uses MSE as a loss function, Adam as an optimizer, 
and works with a learning rate of 0.0001. The input comprises 3 in
stances using a kernel of 3. Regarding UCF101, the best model is also a 
ConvLSTM with the same hyperparameters.

Testing the reconstructed frames from the predictions. The re
sults obtained from the test sets were decoded using the corresponding 
Autoencoders to reconstruct future frames. Reconstruction quality was 
subsequently evaluated through SSIM, providing a measure of percep
tual fidelity between predicted and ground-truth images. Table 9 sum
marizes the results across all datasets and architectures.

As we can see, once again, the best-performing model for each 
dataset remains the same. Notably, the ConvLSTM model achieves the 
highest performance on the ICPR’04 dataset, outperforming all other 
solutions.

The combined analysis of MAE and SSIM highlights how different 
aspects of reconstruction quality evolve across datasets of increasing 
complexity. For Moving MNIST, the low MAE and near-perfect SSIM 
indicate that the models accurately preserve both local pixel information 
and the overall structural organization of highly regular synthetic se
quences. In ICPR’04, MAE increases, and SSIM decreases relative to 
Moving MNIST, reflecting the additional challenges introduced by real 
human activities and natural image variability. Nevertheless, the rela
tively high SSIM values suggest that the structural characteristics of 
human silhouettes and the predominantly static backgrounds remain 
well preserved despite the increase in pixel-level errors. This behavior 
illustrates the complementary nature of the two metrics: MAE captures 
local reconstruction discrepancies, whereas SSIM measures the preser
vation of perceptually relevant spatial structures. By contrast, UCF101 
exhibits a simultaneous degradation in both measures. The higher MAE 
and lower SSIM indicate that complex textures, color information, 
camera motion, and dynamic backgrounds substantially hinder both 
numerical reconstruction accuracy and structural fidelity, revealing the 
limitations imposed by the compact latent representation in highly 
diverse video scenes.

A further analysis of the degradation is accomplished in Table 10. It 
compiles the percentage degradation in MSE and SSIM for each model 
across datasets, relative to Moving MNIST. In other words, it measures 
how the performance improves or worsens depending on the complexity 
of the dataset, which increases from Moving MNIST to ICPR’04 and then 
to UCF101.

Analyzing the Table above, ConvLSTM consistently shows the lowest 
degradation across both metrics (+18.4% and + 190.5% MSE increase 
for ICPR’04 and UCF101, respectively; only − 7.1% SSIM drop on 
UCF101), confirming its suitability for deployment across varying levels 
of video complexity.

The observed degradation in reconstruction quality across datasets of 
increasing complexity can be attributed to the information loss inherent 
in the bottleneck compression stage. The Autoencoder reduces each 64 
× 64 frame to an 8 × 8 feature map, imposing a strong information 
bottleneck that substantially reduces representational capacity. While 
the latent representation preserves the most salient visual structures, 
fine-grained spatial details such as textures, edges, and background in
formation may not be fully retained, particularly in visually complex 
scenes, [14]. For Moving MNIST, this loss is minimal because the rele
vant content (binary digits on uniform black backgrounds) is low fre
quency by nature and well-preserved at 8 × 8 resolution. For ICPR’04, 
the relatively static backgrounds and limited color depth allow the 
bottleneck to retain the most structurally important features despite 
real-world complexity. In the case of UCF101, however, the combination 
of rich color textures, dynamic backgrounds, camera motion, and fine- 
grained human pose detail creates a high-frequency content profile 
not easy to represent. As a result, the temporal model operates on feature 
maps that are already worse representations of the original frames, and 
the decoder must reconstruct fine spatial detail from insufficient infor
mation, leading to the low SSIM values observed in Table 8.

The observed differences across architectures can largely be 
explained by their respective inductive biases. RNNs, LSTMs, and GRUs 
process flattened feature representations and therefore capture temporal 
dependencies predominantly at a global level, with limited preservation 
of explicit spatial relationships. By contrast, ConvLSTM maintains the 
spatial organization of extracted features through convolutional recur
rent operations, allowing local spatial correlations and temporal dy
namics to be modeled jointly. This behavior appears particularly 
beneficial for ICPR’04, whose relatively stable backgrounds and struc
tured human motions favor locality-preserving representations. Simi
larly, 3D-CNNs employ fixed spatiotemporal kernels that effectively 
capture smooth and predictable motion patterns. However, highly het
erogeneous datasets such as UCF101 challenge all evaluated architec
tures and expose the limitations imposed by the compact latent 

Table 8 
Complete evaluation for the best spatiotemporal 
model.

Dataset MAE Test

Moving MNIST 0.0859
ICPR’04 0.1255
UCF101 0.2364

Table 9 
Mean SSIM values of the reconstructed feature maps of the test set images.

Dataset Model SSIM

Moving MNIST

RNN 0.5804
LSTM 0.6289
GRU 0.6668
3D-CNN 0.7628
ConvLSTM 0.7518
CRNN 0.7079

ICPR’04

RNN 0.6133
LSTM 0.6419
GRU 0.6871
3D-CNN 0.8013
ConvLSTM 0.8081
CRNN 0.7132

UCF101

RNN 0.1618
LSTM 0.1931
GRU 0.1935
3D-CNN 0.5483
ConvLSTM 0.6981
CRNN 0.2640

Table 10 
Percentage degradation in MSE and SSIM.

Model Δ ICPR’04 
(MSE)

Δ UCF101 
(MSE)

Δ ICPR’04 (SSIM) Δ UCF101 (SSIM)

RNN +156.4% +578.5% +5.7% − 72.1%
LSTM +158.7% +774.2% +2.1% − 69.3%
GRU +166.5% +691.5% +3.0% − 71.0%
3D-CNN +48.0% +316.0% +5.0% − 28.1%
ConvLSTM +18.4% +190.5% +7.5% − 7.1%
CRNN +128.6% +651.2% +0.7% − 62.7%
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representation. Overall, the results suggest that maintaining spatial 
structure during temporal modeling is an important factor for improving 
robustness as dataset complexity increases.

These findings suggest several directions that could improve recon
struction fidelity in feature-map-based video prediction frameworks. 
Adjusting the bottleneck spatial resolution as a configurable trade-off 
between compression efficiency and representational capacity could 
better preserve high-frequency spatial detail in complex scenes. Simi
larly, replacing pixel-wise loss functions with perceptual training ob
jectives could more directly optimize for structural similarity, reducing 
the gap observed relative to the baseline. Finally, multi-scale architec
tures maintaining representations at different spatial resolutions could 
mitigate the information loss inherent in single-bottleneck designs.

But frame predictions do not always respond to the same difficulty. 
To study that, we have done a more in-depth analysis of how each model 
performs this task. First, we have divided our test set into four subsets 
regarding how similar the predicted frame is compared to its ground 
truth. The interval boundaries were derived empirically using quartile 
analysis of the test set SSIM score distribution for each dataset. This 
dataset-adaptive approach was preferred over fixed universal thresh
olds, which would be inappropriate given the substantially different 
SSIM ranges across the three datasets, ensuring that the quality cate
gories remain meaningful and comparable within each dataset's own 
performance distribution. Results have been compiled in Table 11, 
which allows us to understand how our method performs depending on 
the nature of the videos.

The best model on the MNIST dataset performs very well, as the best 
values are around 0.90. A total of 1015 out of 1785 frames, which is 
around 50% of the tested frames, fall within the best and second-best 
prediction intervals. Notably, only 49 frames are classified in the 
worst interval. The narrow range width of 0.07 suggests high consis
tency and low variability in the model's predictions. This strong per
formance can be attributed to the relatively simple visual patterns and 
limited variability present in the dataset, as most of the pixels are black.

On the ICPR’04 dataset, the model also demonstrates robust per
formance, with 1015 out of 2023 frames (~50%) falling into the two 
best categories. This is the same number of frames as in the previous 
dataset, but it should be highlighted that the number of frames predicted 
as the best is notably higher. The remaining 546 frames are in the cat
egories predicting the worst. Compared to MNIST, the prediction quality 
is slightly more variable, as reflected by the wider range of 0.09. This 
indicates that while the model generalizes well to moderately complex 
scenarios, some frames are challenging to predict accurately.

Finally, regarding UCF101, it presents the most challenging scenario 
for models. Although 1916 out of 2023 frames (~94%) are within the 
top two prediction categories, which contain a much higher number of 
frames than the other approaches. Additionally, metrics in the worst 
intervals are very low, demonstrating that performance can be 
improved. The significantly broader range width of 0.16 reveals a 
greater degree of prediction variability, indicating that the model's 
performance is less stable in the presence of complex spatiotemporal 
patterns and background motion.

These results demonstrate that while the proposed model achieves 
high-quality predictions across all datasets, its performance degrades 
slightly as the visual and motion complexity of the input increases. The 

shifting distribution of prediction quality, especially the decrease in the 
best predictions and increase in range width, highlights the limitations 
of the model when dealing with real-world, high-variability video se
quences. Nonetheless, the relatively high number of the two top cate
gories, even in challenging datasets, confirms the generalizability and 
robustness of the model.

Finally, to show real use cases of the performance of the models, we 
show some predictions based on the previous frames for each of the 
datasets. In this case, for each of the datasets, we compile 4 predictions 
in each Figure. These predictions correspond to the 4 upper limits of the 
intervals and the lower limit of the interval. For each instance, we show 
the previous frame, the ground truth, and the predicted one.

As shown in Fig. 2, the two best intervals closely match the ground 
truth in structural terms, while the two worst intervals exhibit increasing 
blurring and loss of fine detail, consistent with the bottleneck 
compression limitations discussed above. The degradation is most pro
nounced in UCF101, where complex backgrounds and color gradients 
are the hardest to reconstruct from the 8 × 8 feature representation.

Comparison against a baseline. Regarding the previous results, our 
approach confirms that the feature-map-based approach not only de
livers good performance in the latent space but also retains its good 
results once the images are restored. To evaluate the effectiveness of our 
proposed approach, we establish a baseline consisting of spatiotemporal 
Deep Learning models trained directly on frames of the original image 
sequences, without leveraging feature maps. These baseline models 
represent the standard versions of the architectures later used in our 
hybrid framework, namely RNN, GRU, LSTM, ConvLSTM, RCNN, and 
3D-CNN.

To ensure a fair comparison, both the proposed models and the 
baseline models were trained under identical conditions: the same 
training and test splits, the same 5-fold cross-validation procedure, the 
same batch size (128), the same maximum number of epochs (100), the 
same early stopping criterion (patience = 10), the same optimizer search 
space, the same loss function search space and the same learning rate 
search space. The only difference between the two approaches is the 
input representation: baseline models receive full-resolution frames (64 
× 64), while the proposed models receive the compressed bottleneck (8 
× 8) produced by the Autoencoder.

Tables 12 (MSE) and 13 (SSIM) show the results of comparing the 
performance of our approaches on the three datasets against the pro
posed best values of the baseline.

In Table 12 (MSE comparison), lower values indicate better perfor
mance. The proposed method outperforms the baseline on the Moving 
MNIST dataset (0.0209 vs. 0.0286), suggesting improved reconstruction 
accuracy. However, it performs worse on the ICPR’04 (0.0028 vs. 
0.0013) and UCF101 (0.0064 vs. 0.0028) datasets, where the baseline 
achieves significantly lower error.

In Table 13 (SSIM comparison), higher values indicate better 
perceptual similarity. Again, the baseline achieves superior results 
across all datasets: Moving MNIST (0.8032 vs. 0.7628), ICPR’04 (0.9023 
vs. 0.8081), and UCF101 (0.8531 vs. 0.6981). This implies that while the 
proposed approach may reduce pixel-wise error in some cases, it does 
not preserve structural and perceptual information as effectively as the 
baseline.

Overall, these results suggest that the proposed method has some 
potential, especially on the Moving MNIST dataset in terms of MSE, but 
it generally underperforms the baseline when it comes to perceptual 
fidelity and generalization to more complex datasets like UCF101 and 
ICPR’04. It is important to contextualize these differences relative to the 
intended deployment scenarios. The SSIM gap between the proposed 
approach and the baseline varies substantially across datasets: 0.0404 
on Moving MNIST, 0.0942 on ICPR’04, and 0.1550 on UCF101. For 
Moving MNIST and ICPR’04, the achieved SSIM values (0.76 and 0.81, 
respectively) preserve most of the structural content of the original 
scenes while enabling substantial gains in computational efficiency, as 
reported later on. The acceptability of this trade-off ultimately depends 

Table 11 
Evaluation by performance intervals for the best spatiotemporal model.

Dataset Q1 Q2 Q3 Q4 Range 
width

MNIST [0.91, 
0.83]: 130

[0.83, 
0.75]: 885

[0.75, 
0.67]: 721

[0.67, 
0.59]: 49

0.07

ICPR’04 [0.96, 
0.87]: 739

[0.87, 
0.78]: 738

[0.78, 
0.69]: 372

[0.69, 
0.60]: 174

0.09

UCF101 [0.84, 
0.68]: 1355

[0.68, 
0.51]: 561

[0.51, 
0.35]: 90

[0.35, 
0.19]: 17

0.16
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on the intended application and its relative emphasis on perceptual fi
delity versus runtime and energy constraints. In real-time streaming and 
embedded vision systems, inference latency and energy efficiency are 
often the primary operational constraints rather than maximizing 
perceptual fidelity, [33]. In this context, the reduction in inference time 
per iteration and in energy consumption that will be analyzed later in 
this paper represents a deliberate and practically meaningful trade-off. 
For UCF101, however, the 0.155 SSIM gap is more substantial and re
flects a genuine limitation: the aggressive dimensionality reduction 
imposed by the bottleneck introduces information loss that dispropor
tionately affects high-frequency spatial detail in complex color scenes. 
The proposed framework is therefore particularly well suited to lower- 
complexity or resource-constrained deployment scenarios, while 
improving reconstruction fidelity on highly dynamic videos remains an 
explicit direction for future work.

A complementary analysis of the models' performance is based on the 
parameters that vary regarding the approach, such as the architectural 
depth and trainable parameters. Table 14 provides this information for 
both our framework and baselines, confirming that any performance 
differences are attributable to the input representation rather than 
architectural or training advantages.

Table 14 indicates that parameter reduction is architecture- 
dependent rather than universal. Convolutional models, especially 3D- 
CNN, significantly benefit from feature-map prediction, whereas 

recurrent models may require additional parameters due to the pro
cessing of latent representations. Therefore, the principal advantage of 
the proposed framework lies in computational and energy efficiency 
rather than in a consistent decrease in model size.

But just having this performance comparison is not fair. As these 
approaches have significant practical applications, such as streaming or 
video compression, other aspects, such as runtime or execution time. In 
real-time applications such as video streaming, the runtime per infer
ence iteration is critical for meeting latency constraints. Meanwhile, in 
offline (i.e., video compression) or batch processing scenarios, total 
execution time, encompassing preprocessing, model inference, and post- 
processing, becomes the key metric for practical deployment. In 
Table 15, we provide a baseline comparison in these terms.

Analyzing Table 15, on average, our approaches require between five 
and eight times less time per iteration than their baseline counterpart 
across all datasets. This saving is independent of sequence length, since 
the dimensionality reduction performed by the encoder compresses 

Fig. 2. Examples of the intervals' limits for each dataset.

Table 12 
Comparison against a baseline computing MSE.

Dataset Our approach Baseline

Moving MNIST 0.0209 0.0286
ICPR’04 0.0028 0.0013
UCF101 0.0064 0.0028

Table 13 
Comparison against a baseline computing SSIM.

Dataset Our approach Baseline

Moving MNIST 0.7628 0.8032
ICPR’04 0.8081 0.9023
UCF101 0.6981 0.8531

Table 14 
Architecture depth and trainable parameter counts for each model.

Model Architecture Depth Params Proposed 
(MNIST / ICPR’04 / 

UCF101)

Params Baseline 
(MNIST / ICPR’04 / 

UCF101)

RNN 1 recurrent layer 
1 FC

4.2 M / 4.3 M / 8.5 M 2.2 M / 2.2 M / 6.4 M

LSTM 2 recurrent layers 
1 FC

21.3 M / 10.8 M / 21 
M

6.0 M / 6.0 M / 16.5 
M

GRU 1 recurrent layer 
1 FC

17.4 M / 8.6 M / 17 
M

4.4 M / 4.4 M / 12.8 
M

3D-CNN 3 Conv3D 
(encoder) 

4 
ConvTranspose2D 

1 Conv2D 
(decoder)

11.7 M / 10.3 M / 
11.7 M

24.0 M / 24.0 M / 
24.0 M

ConvLSTM 2 ConvLSTM layers 
1 Conv2D output

10 M / 8.6 M / 10 M 7.1 M / 7.1 M / 7.1 M

CRNN 2 Conv2D 
(encoder) 

2 RNN layers 
1 FC 

2 Conv2D 
(decoder)

19.4 M / 19.1 M / 
10.4 M

5.3 M / 5.0 M / 5.3 M
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every frame into a fixed, compact representation.
Even when the one-off costs of feature extraction and final image 

reconstruction are added (terms shown after the plus sign), the cumu
lative wall-clock time decreases by factors ranging from ≈3 × (Moving 
MNIST) to ≈10 × (ICPR’04).

Another interesting analysis in DL is energy consumption due to its 
growing environmental impact and the escalating computational de
mands. As highlighted in [1], understanding and comparing energy ef
ficiency across architectures is essential for promoting sustainable AI 
development through standardized evaluation frameworks. Energy 
consumption was estimated using the NVIDIA Management Library 
(pynvml), by sampling GPU power draw at the start and end of each test 
run and computing energy as the product of average power and total 
execution time, following the evaluation framework described in the 
previous paper. In Table 16, we provide such a comparison of our 
approach against the proposed baseline.

Analyzing results in Table 16. Even after accounting for the encoder 
and decoder phases, the feature-map strategy reduces the energy budget 
by 70 to 94%, an advantage that increases with input complexity: 
ICPR’04 and UCF101, which contain richer motion and higher spatial 
variability, benefit the most. This significant reduction translates 
directly into a smaller carbon footprint and longer battery life when the 
models are deployed on embedded or edge devices.

Dimensionality reduction, therefore, yields substantial gains in both 
training time and energy consumption, which are two critical factors for 
continuous-inference scenarios. While the first baseline comparison 
sections showed that our approaches yield slightly lower performance 
compared with the baseline, Tables 15 and 16 demonstrate that there is 
an improvement in computational sustainability, which is key in the 
practical application of these approaches.

An interesting observation is that as shown in Table 14 the proposed 
feature-map-based models do not systematically contain fewer trainable 
parameters than their frame-level counterparts. In several cases, 
including LSTM, GRU, and ConvLSTM, the proposed architectures are 
larger. Consequently, the reductions in runtime and energy consumption 
observed in Tables 15 and 16 can be attributed primarily to the lower- 
dimensional input representation rather than to reduced model capac
ity. This finding reinforces the effectiveness of feature-level temporal 
modeling as a lightweight strategy for video frame prediction.

5. Conclusions and future works

This work proposes novel lightweight hybrid approaches based on 
Deep Learning models for video frame prediction. The core idea is to 

combine the feature extraction capabilities of Autoencoders with the 
sequential modeling power of others, such as RNNs. Based on this 
principle, we introduce a three-stage method: first, Autoencoders extract 
feature maps from the input frames; next, spatial–temporal models are 
trained on these latent representations to predict future frames; finally, 
the same Autoencoder from the first stage is used to reconstruct the 
future frames from the predictions.

To explore different solutions for time-series analysis, we imple
mented and evaluated distinct model configurations across three video 
datasets. Results show that the most effective models were those using 
ConvLSTM and 3D-CNN architectures, achieving SSIM scores of 0.72, 
0.82, and 0.69 depending on the dataset. However, when compared with 
the baseline, our methods yielded slightly lower accuracy. In contrast, 
we observed that this modest trade-off in predictive performance 
resulted in significant gains in computational efficiency and energy 
consumption. This finding highlights the potential of our models for 
real-world applications where resource constraints are a concern, and 
lightweight architectures are necessary.

Despite these promising results, this work has several limitations that 
should be acknowledged. First, the aggressive dimensionality reduction 
imposed by the bottleneck inevitably discards high-frequency spatial 
information, which disproportionately affects reconstruction fidelity on 
visually complex datasets such as UCF101. Second, while three datasets 
of varying complexity were used, the UCF101 subset is limited to 599 
sequences, which may not fully represent the diversity of real-world 
color video. Third, the evaluation is limited to single-step next-frame 
prediction; performance on multi-step horizons, where errors accumu
late over time, remains untested. These limitations define clear di
rections for future investigation.

For future work, we plan to conduct separate analyses on a more 
diverse set of datasets that share the same underlying characteristics, 
including synthetic grayscale data, real grayscale images, and real color 
images. Apart from that, we plan to explore the integration of advanced 
architectures that do not directly operate on spatiotemporal features, 
such as Generative Adversarial Networks (GANs). Additionally, we aim 
to test our models in real-world scenarios such as autonomous driving 
systems and first-person (Point of View) video streams to demonstrate 
practical applicability. Incorporating multi-modal inputs, such as optical 
flow, semantic segmentation maps, or audio, could further enhance the 
accuracy and temporal coherence of predictions, particularly in complex 
or dynamic scenes. From an architectural perspective, the present work 
reveals several limitations. In particular, for real-world color datasets, 
the aggressive dimensionality reduction imposed by the Autoencoders 
highlights the need to better understand the trade-off between 
compression efficiency and predictive performance. Another important 
research direction is benchmarking the proposed framework against 
non-lightweight state-of-the-art models, including Transformer-based 
approaches such as TimeSformer and VideoGPT, to clarify the accu
racy ceiling achievable when computational cost is not the primary 
constraint. From a temporal modeling perspective, extending the eval
uation to multi-step prediction, particularly in scenarios where latency 
requirements are less stringent, would provide insight into error accu
mulation over longer horizons and the temporal consistency of the 
evaluated architectures. Finally, from a representation learning 
perspective, investigating variable bottleneck resolutions, perceptual 
training objectives, and multi-scale Autoencoder designs represents a 
promising direction for reducing the reconstruction fidelity gap 
observed in high-complexity datasets such as UCF101.
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