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Video-Based Human Action Recognition (HAR) remains challenging due to

inter-class similarity, background noise, and the need to capture long-term
temporal dependencies. This study proposes a hybrid deep learning model
that integrates 3D Convolutional Neural Networks (3D CNNs) with
Transformer-based attention mechanisms to jointly capture spatio-temporal
features and long-range motion context. The architecture was optimized for
parameter efficiency and trained on the UCF101 and HMDB51 benchmark
datasets using standardized preprocessing and training strategies.
Experimental results indicate that the proposed model reaches 97% accuracy
and 96.8% mean F1-score on UCF101, and 85% accuracy, and 83.8% F1-
score on HMDB51, showing consistent improvements compared to the
standalone 3D CNNs and Transformer variants under identical settings.
Ablation studies confirm that the combination of convolutional and attention
layers significantly improves recognition performance while maintaining
competitive computational cost (3.78M parameters, 17.75 GFLOPs/video, ~7
ms GPU latency). These findings highlight the effectiveness of the hybrid
design for accurate and efficient HAR. Future work will address class
imbalance using focal loss or weighted training, explore multimodal data
integration, and develop more lightweight Transformer modules for real-time
deployment on resource-constrained devices.
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from smart living environments to smart city systems,
making human-machine interaction smarter, more

1. Introduction

Human Activity Recognition (HAR) has become one
of the critical application areas of artificial
intelligence and computer vision technologies. Its
main purpose is to digitise a person's physical
movements and automatically classify them into
meaningful action classes. This technology is used in
a wide range of applications, from security to health,

intuitive and safer. In particular, the deep learning
revolution in recent years has significantly improved
the accuracy of HAR systems and made these systems
more widely available [1].

Security is one of the sectors where HAR systems
have found the earliest and most widespread
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application. Artificial intelligence-based action
recognition  solutions integrated into  video
surveillance systems are able to automatically detect
anomalies that may be missed by human operators.
These systems not only detect threats such as physical
attacks, fights, and intrusions, but also enable
proactive warning systems by detecting the patterns
of occurrence of these threats in advance [2].
However, accurately recognizing activities from
video data remains a significant challenge due to
temporal dependencies, complex movements, and
background variability. as shown in Figure 1.
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Figure 1: The Challenge of Recognizing Human Activities
from Video and the Proposed Hybrid Approach.

For instance, the correlation between the increase in
crowd density in shopping malls and aggressive
behaviour and panic movements can be utilised for
the purpose of early intervention. Furthermore, in lieu
of offline analysis of images from closed circuit
camera systems, dynamic security policies can be
formulated by leveraging real-time processing
structures. The utilisation of HAR systems in
healthcare services is predominantly oriented towards
individual follow-up and the enhancement of quality
of life. It is particularly beneficial for elderly
individuals, patients with mobility limitations, or
individuals with chronic diseases as these systems
enable early intervention by automatically detecting
situations such as falls, fainting, and prolonged
immobilisation.

The advent of wearable devices has enabled the
instantaneous transmission of data to health
institutions, with select systems possessing the
capability to execute personalised risk prediction
models [3]. Furthermore, HAR systems have been
demonstrated to make a significant contribution to
physical therapy and rehabilitation processes.
Systems that evaluate the correct performance of
exercises enable doctors to monitor the process
remotely, increasing patient satisfaction and
facilitating the decentralisation of healthcare services
[4]. In the context of smart home systems, HAR is

regarded as a pivotal component in the development
of living spaces that are more comfortable,
personalised, and energy efficient. The movement
pattern of the individual is analysed through sensors;
systems such as lighting, heating, ventilation, and
alarms are automatically adjusted according to the
results of this analysis [5]. For instance, when an
individual rises from bed in the morning, the system
is programmed to automatically open the curtains,
initiate the coffee machine, or illuminate the living
space. Furthermore, these systems are also employed
in the domain of behavioural biometrics, where their
capacity to analyse movement is utilised for
authentication purposes. Consequently, HAR systems
enhance convenience and security [6]. It is evident
that the functionality offered by HAR systems has the
capacity to enhance the quality of life for individuals.
Furthermore, it has been demonstrated that such
systems can engender substantial improvements in
terms of safety, healthcare costs, and energy
consumption on a societal level. The advent of
technological innovation has precipitated the
augmentation of the capabilities of HAR solutions,
which are anticipated to become even more
sophisticated in the future, utilising multimodal data
sources (e.g. video, audio, and accelerometer data).

The real-world applicability of HAR systems is
constrained by a variety of technical, environmental,
and structural challenges. It is evident that these
challenges have a substantial impact on the key
performance criteria of the models, including
accuracy, generalisation, and speed of operation.
This, in turn, renders it difficult for the systems to
operate reliably under different conditions. It is
important to note that a highly accurate HAR model
may, in theory, demonstrate a loss of performance in
real-world conditions due to the presence of
numerous variables. The primary and most prevalent
issue is the presence of noise and distortion in the
data. In sensor-based HAR systems, signals from
devices such as accelerometers or gyroscopes may be
subject to corruption due to hardware faults, sensor
calibration issues, or external factors that arise during
utilisation.

In the context of video-based systems, factors such as
low-resolution images, motion blur, light imbalances,
and variations in camera angle can impede the clear
perception of actions. Such noises have been
demonstrated to have a direct impact on both the
accuracy of the model and the learning dynamics
during training [7, 8].

Another critical challenge is that of labelling errors
and data inconsistency. The utilisation of supervised
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learning in HAR models necessitates the availability
of correctly labelled data. However, the labelling of
datasets is often a manual process, and human errors
frequently occur during this process. Incorrect class
assignments, unstable labelling of borderline actions,
or actions interpreted in different ways by different
people can cause the model to learn incorrect patterns
during the training process. The generalisability of
HAR systems pertains to the capacity of the system
to function effectively under diverse user profiles, a
range of devices, and a variety of environmental
settings. The most significant challenge in this regard
pertains to the heterogeneity among users. It is
important to note that this action can be performed by
different people at different speeds, with different
ranges of motion, and even in different contexts of
meaning. To illustrate this point, consider the
physical differences between a young and an elderly
individual when walking [9].

This necessitates the training of the model for each
individual separately or the development of more
complex universal representation learning strategies.
The utilisation of multiple sensor types in conjunction
within HAR systems invariably gives rise to the issue
of data heterogeneity. It is important to note that the
various sensors (e.g. accelerometer, magnetometer,
and gyroscope) involved in this process generate data
at different rates, in different formats, and at different
scales. The alignment, synchronisation, and
conversion of this multimodal data into meaningful
representations is a process that creates significant
complexity at both the engineering and algorithmic
level [10]. Furthermore, a significant proportion of
HAR applications are characterised by real-time
requirements. This is particularly evident in domains
such as security, healthcare, and robotics, where
decisions must be made in milliseconds. However,
deep learning-based models that provide high
accuracy frequently possess large parameter sizes and
high computational burden. This limitation is
particularly pronounced in portable devices and edge
computing environments, where it results in an
increase in inference time and a decrease in system
response speed [11]. These challenges necessitate the
development of new methods to make HAR systems
more robust, scalable, and context-aware. In this
context, research areas such as data cleansing, domain
adaptation, self-supervised learning, and efficient
architectural designs will be of particular significance
in the future.

Video-based human action recognition represents a
foundational computer vision problem that aims to
automatically analyse and classify physical
movements performed by individuals from video

images. This technology is of great importance for
many critical application areas such as intelligent
security systems, remote patient monitoring, sports
performance analysis, driver behaviour monitoring,
and human-computer interaction [12]. The successful
operation of HAR systems on video data is the basis
for smarter city infrastructures, safer public spaces,
and more personalised healthcare. Nevertheless,
video-based HAR is confronted with a considerably
more intricate data structure in comparison to sensor-
based solutions. It has been demonstrated that factors
such as camera position, resolution, image quality,
background mobility, camera angle changes, lighting
conditions, and the presence of multiple individuals
in the scene directly affect model performance [1,
13]. To illustrate this point, action discrimination is
rendered significantly more arduous in videos
captured under suboptimal lighting conditions.
Moreover, factors such as camera vibration induce
temporal inconsistencies, further complicating the
analysis. Furthermore, due to the visual similarity of
certain actions (e.g. "sitting" and "squatting"),
discrimination between classes poses a significant
challenge. In order to surmount such issues, it is
imperative to accurately model not only spatial
information but also the evolution of motion over
time. In this context, the primary objective of the
study is grounded in four overarching goals. Firstly,
the objective is to develop a system that utilises deep
learning to achieve more precise distinction of
different actions in complex visual data. This is
particularly relevant in datasets characterised by high
levels of intra-class variations and out-of-class
similarities, where the model must be capable of
accurate classification by focusing on fine details.
Secondly, the integration of 3D CNNs and
Transformer-based attentional mechanisms was
planned for the purpose of more effective modelling
of temporal dynamics. While 3D CNNSs structures are
capable of establishing temporal connections
between video frames, Transformer structures have
the capacity to offer a more comprehensive motion
analysis by modelling long-term dependencies [14].

Thirdly, robust attention mechanisms will be applied
to minimise problems such as noise, background
variation, and class similarity, which are frequently
encountered in video data. These mechanisms are
designed to minimise errors caused by redundant
information by ensuring that the model focuses
exclusively on the most significant action-related
features.

Ultimately, the objective is to minimise the
computation time and computational load of the
developed model, while achieving high accuracy
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rates. In accordance with this objective, the parameter
efficiency of the model has been augmented and
FLOPs values have been minimised. It is evident that
the proposed system has been optimised in such a
manner that its utilisation is compatible with both
laboratory environments and real-time applications
(e.g. CCTV-based monitoring systems).

In addition, the system is to be modified to ensure
compatibility with edge devices and to allow for
flexibility in  operation  within  distributed
environments. Consequently, energy consumption
and processing costs will be minimised, and the
system will be integrated into areas such as smart city
projects, wearable devices, and mobile security
solutions. The proposed architecture is intended to
provide an advanced video-based HAR solution for
both academic and industrial applications.

The book chapter is structured under six main
headings, providing comprehensive coverage of
video-based human action recognition. The chapter
organisation has been meticulously designed to
facilitate the reader's navigation through the subject
matter in a step-by-step manner, thereby enabling
them to gain a comprehensive and nuanced
understanding of the current research directions
within the field.

Firstly, the Introduction provides a comprehensive
overview of the significance of video-based human
action recognition and the primary motivations
underpinning this field of study. The text emphasises
the significance of automatic classification of human
behaviour over video data for a variety of critical
applications, including security, healthcare, smart
home systems, and human-computer interaction.
Moreover, the objectives of the study, the research
guestions, and the gaps that the methodology
developed in this chapter aims to fill are clearly
presented.

Secondly, the Background section reviews important
approaches, technical concepts, and methodological
trends in the literature. In this context, traditional
machine learning-based HAR methods, the paradigm
shift with deep learning, and the application of
modern architectures such as 3D CNNs and
Transformer to video data are discussed in detail.
Furthermore, the section addresses the common
challenges encountered in HAR systems (e.g. data
noise, variations, and real-time requirements),
thereby contributing to the theoretical foundation of
the current work.

Thirdly, the proposed methodology is outlined,
including the general architecture of the developed
system, the data sets utilised, and the preprocessing
steps applied. In this section, the structural
characteristics of the model (for example, 3D CNNs
layers, Transformer modules, attention mechanisms),
the hyperparameters employed during training, and
the experimental environment are elucidated. The
strategies applied to different datasets and the process
of optimising the model are also detailed here.

The fourth section, entitled 'Experimental Results',
undertakes an analysis of the performance of the
proposed system in terms of its internal dynamics and
in comparison with extant methods in the literature.
In addition to fundamental metrics such as accuracy,
F1 score, and Top-1/Top-5 success rates, technical
indicators including computational complexity
(FLOPs), parameter size, and execution speed are
also analysed. Furthermore, visual presentations,
such as the confusion matrix, provide a detailed
analysis of the model's performance on a class-by-
class basis, highlighting its strengths and weaknesses.

Chapter 5, entitled ‘Conclusions and
FutureDirections', provides a concise summary of the
findings and offers guidance on the practical
application of these results in an applied context.
Concurrently, the constraints of the prevailing system
are candidly examined, and  prospective
enhancements (e.g. lightweight architectures,
multimodal data utilisation, and ethical Al designs)
are proposed. Adopting this systematic approach
enables readers to develop a comprehensive
understanding of the domain of video-based human
action recognition, encompassing fundamental
concepts and sophisticated technical intricacies. This
comprehensive foundation provides a robust
foundation for exploring novel frontiers in this pivotal
research domain.

2. Material and Methods

21. Background

Human Action Recognition refers to automatically
analysing and classifying human activities from data
sources such as sensors or videos, typically
represented as time series. These systems detect
actions, like walking, sitting, running, or bending, and
integrate results into decision-support systems in
domains including security, healthcare, sports
analytics, and smart city applications.

Early HAR research relied on classical machine
learning methods such as decision trees, SVM, k-NN,
Naive Bayes, and Hidden Markov Models (HMM).
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These approaches achieved reasonable accuracy for
simple, controlled actions but showed limited
generalisation across diverse users, environments,
and complex movements due to dependence on small
datasets and handcrafted features [15]. The
emergence of deep learning brought a paradigm shift:
Convolutional Neural Networks (CNNs), 3D CNNs,
LSTM networks, and Transformer-based models
dramatically improved HAR by learning features
directly from raw data. CNNs capture spatial patterns,
while recurrent models (LSTM, GRU) model
temporal dynamics. Recently, hybrid CNNs RNN
combinations and self attention-based Transformers
have become state-of-the-art solutions.

HAR is commonly divided into video-based and
sensor-based approaches. Video systems analyse
people and objects in camera footage to infer
behaviours, offering rich visual context but facing
high data volume, privacy, and environmental
sensitivity issues. Sensor-based HAR uses wearable
accelerometers, gyroscopes, and magnetometers to
capture motion with lower energy and data needs, yet
it struggles on complex actions without visual context
[16].

To leverage complementary strengths,
multimodal/hybrid systems combine video and
sensor data. HAR performance, however, is
challenged by data diversity (user behaviours, sensor
placements, device types, and environments), person-
to-person variability in executing the same action,
and real-time constraints that make deep models
latency-prone on mobile/edge hardware. Moreover,
many public datasets are small and class-imbalanced,
causing learning biases and overfitting to frequent
classes [17].

Deep learning has become central to video-based
HAR, with CNNs and more recently Transformers
driving major advances since the mid-2010s. Early
breakthroughs include the Two-Stream CNNs that
separates spatial appearance (RGB) and temporal
motion (optical flow) before fusion, achieving strong
accuracy but incurring high optical-flow cost that
hinders real-time use [18]. SlowFast later modeled
videos at dual time resolutions slow for semantics,
fast for motion improving recognition of rapid or
complex actions and scaling well in practice [14].

Transformers entered vision with ViT, showing that
self attention alone can learn visual representations
and inspiring video-specific variants such as
TimeSformer and Video Swin Transformer [19]. In
parallel, the need to jointly capture space-time led to
3D convolutions: C3D extended 2D filters to 3x3x3

kernels to learn spatio-temporal patterns directly [19].
I3D “inflated” 2D ImageNet filters to 3D, delivering
strong transfer and state-of-the-art results on Kinetics
and influencing many subsequent designs [20].
Overall, C3D/I3D established effective spatio-
temporal feature extraction, while modern work
increasingly combines 3D CNNs with attention
mechanisms to balance accuracy and efficiency.

Beyond CNNs, video-based HAR has evolved toward
architectures that better model motion over time
through temporal sampling, attention, and graph
structures. Temporal Segment Networks (TSNs)
pioneered long-range temporal modeling by sampling
fixed segments across entire videos and aggregating
features, achieving strong results even with limited
data and integrating easily with backbones like
ResNet and Inception [21]. Non-local Neural
Networks introduced global context modeling by
allowing interactions between any two positions in a
video, overcoming the locality of convolutions and
laying groundwork for attention mechanisms in
vision [22].

For skeleton-based HAR, Spatial-Temporal Graph
Convolutional Networks (ST-GCNSs) represent joints
as graph nodes and apply spatio-temporal
convolutions, effectively capturing biomechanical
motion patterns and performing well in crowded or
low-resolution scenes [23]. Transformer-based
approaches have gained strong momentum in HAR.
The Video Action Transformer Network uses self
attention and person-specific queries to focus on
individual actions, achieving strong results on the
AVA dataset and enabling precise localization in
multi-actor scenes [24].

TimeSformer is among the first pure Transformer
models for video classification, processing spatial and
temporal dimensions separately and capturing long-
range dependencies efficiently [25].

Recent video transformers target data/compute
efficiency. VideoMAE uses masked autoencoding for
self-supervised pretraining with high tube masking,
showing strong transfer to UCF101/HMDB51 [26];
VideoMAE-V2 scales model/data via dual masking
toward video foundation models [27]. In parallel,
MobileViT/MobileViTv2  combine  lightweight
convolutions with token mixing to reduce parameters
and latency [28]. MVIiT/MViTv2 build multi-scale
hierarchies to balance accuracy and compute for
video recognition. Our hybrid 3D-CNNs +
Transformer follows this efficiency motivation with
compact spatio-temporal tokens and a lightweight
attention head. Overall, techniques such as segment
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sampling, non-local operations, graph convolutions,
and attention mechanisms have become core
elements of modern HAR systems, improving
accuracy, flexibility, and generalisability.

22. A Historical Analysis of Human Activity
Recognition

Human Action Recognition sits at the intersection of
computer vision and Al and has progressed from
early statistical models to deep learning and self
attention methods. Applications span video analytics,
robotics, healthcare, and security. Early HAR (late
1990s—early 2000s) targeted simple actions (e.g.,
walking, sitting, and running) in short, low resolution,
controlled videos, with Hidden Markov Models
effectively capturing temporal sequentiality and
forming the basis of initial systems [29].

By the mid-2000s, feature engineering dominated:
Dense Trajectories [30] and descriptors such as HOG,
HOF, and MBH achieved strong accuracy but
struggled to generalise in complex, unconstrained
scenes. In the mid-2010s, deep learning reshaped
HAR; 2D CNNs entered the field, and the Two-
Stream CNNs learned appearance (RGB) and motion
(optical flow) in separate branches, though limited
temporal continuity between frames constrained
performance [18]. To address this challenge, 3D
CNNs architectures have been developed, whereby
each convolutional filter is rendered three-
dimensional by incorporating the time dimension into
the modeling. The C3D and 13D models are regarded
as the vanguard of this development, having achieved
a more comprehensive action representation through
direct processing of both spatial and temporal
information. During this period, there has been a
significant increase in the performance of models
working with video data.

The advent of transformer architectures in image
processing during the 2020s signaled the
commencement of a novel epoch in HAR systems. In
particular, models such as TimeSformer have
demonstrated the capacity to process spatial and
temporal relationships concurrently by employing
pure self attention mechanisms. This capability
enables the model to learn longer-range
dependencies, surpassing the capabilities of previous
models. This development has rendered video-based
HAR systems more scalable and generalizable on
large datasets.

Consequently, the field of HAR has evolved from
HMM-based sequential modeling to the era of feature
engineering, followed by CNN-based deep structures
and finally self attention-based Transformer

architectures. This process has not only enhanced
model performance but also enabled systems to
become more robust and scalable in the face of
diverse environments, users, and data sources.

23. Problem Definition

Human action recognition systems encounter
considerable technical challenges, particularly in the
context of video-based data sources. The primary
issue is the model's limited capacity to accurately
differentiate between visually similar actions. For
instance, certain gestures, such as "sit" and "fall",
may be perceived as highly similar, particularly in
low-resolution or fast-motion video, which can result
in misclassification [1]. A further fundamental
problem is that the same action is performed in
different ways by different individuals. As [31]
demonstrate, factors such as biometric differences
between users, camera angle, lighting conditions, and
environmental noise increase the diversity of action
patterns and challenge the generalisation capability of
the model. In scenarios involving multiple actors,
where different individuals are engaged in various
activities within the same setting, the complexity of
modelling is further compounded by considerations
of spatial segregation and temporal relationships [24].

Another fundamental problem is that the same action
is performed in different ways by different
individuals. Factors such as biometric differences
between users, camera angle, lighting conditions, and
environmental noise increase the diversity of action
patterns, challenging the generalisation capability of
the model [31]. In scenarios involving multiple
actors, where each actor performs a distinct activity
within the same scene, the modelling process
becomes increasingly intricate due to the spatial
decomposition and temporal relationships that are
present [24]. Furthermore, the issue of class
imbalance is prevalent in the datasets. It is evident
that certain actions (e.g. "walk" or "run") are
overrepresented, while rare actions (e.g. "fall") are
characterised by a low number of instances. This
phenomenon, known as overfitting, occurs when
models are trained exclusively on frequent actions,
resulting in suboptimal performance on rare actions
[19]. Finally, due to the nature of video data,
modeling high dimensionality and temporal
dependencies is challenging. Since classical 2D
CNNs can only capture spatial relationships, they
cannot accurately process motion patterns over time
[20]. This leads to an inability to distinguish the
beginning, development, and end phases of actions.
The aforementioned issues have a direct impact on
the accuracy, efficiency, and reliability of video-
based HAR systems in real-world applications. This
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necessitates the development of new methods in this
field.

24. Commonly Used Datasets

The performance of video-based human action
recognition systems is evaluated through testing on
large and diversified video datasets. These datasets
vary in terms of different action categories,
environmental conditions, camera angles, and
number of actors. The most frequently utilised
datasets in the field of human action recognition are
UCF101, HMDB51, Kinetics-400, and Something-
Something V2.

UCF101 is a video dataset that contains a total of
13,320 videos and covers 101 different human action
classes. This set is distinguished by its diverse array
of scenes, camera movements, and environmental
conditions, which have established it as a
foundational benchmark in the field of video-based
action recognition research [32].

HMDB51 is a dataset comprising 6,766 videos that
collectively represent 51 distinct human actions.
HMDB51, which was prepared with content collected
from movies, YouTube videos, and online sources,
provides a challenging testbed for situations with high
inter-class similarities and scene noise [33].

Kinetics-400 is a large-scale dataset derived from
YouTube videos, containing approximately 300,000
videos with 400 different classes of human actions.
The actions encompass a broad spectrum, ranging
from the performance of musical instruments to the
execution of sports specific gestures and routine
activities. This dataset is specifically employed to
evaluate the overall performance of deep learning
based models and to test large-scale learning [34].

The Something-Something V2 dataset was developed
for the purpose of classifying object-based human
interactions. The objective of the dataset is to
ascertain the significance of context in action
recognition, a goal that is pursued by incorporating
actions performed with disparate objects. In this
regard, it is employed to assess models capable of
discerning the interplay between time and objects in
a unified framework [35].

These datasets are critical for evaluating the efficacy
of algorithms developed in HAR under real world
conditions. Concurrently, these models exhibit
varying levels of complexity, thereby enabling the
assessment of their model generalisation capacity.

25. Recommended Method

In this study, large and challenging datasets are
utilised for video-based human action recognition.
Specifically, the UCF101 [32] and HMDB51 [33]
datasets were selected for analysis. These datasets
contain a high variety of video clips reflecting real-
world scenarios, allowing for the modelling of
different motions and environments. It is evident that
the HMDB51 dataset is a particularly valuable
resource for the evaluation of deep learning-based
models, due to the fact that it exhibits both wide class
diversity and complex action structures. In the
selection of model architecture, the objective was to
utilise structures capable of effectively learning both
spatial and temporal dependencies. Consequently, 3D
Convolutional Neural Networks were selected as the
fundamental  architectural  framework. Three-
dimensional convolutional neural networks have the
capacity to extract spatio temporal features from
video clips in a direct manner. However, a
Transformer-based attention mechanism [19] has also
been integrated into the architecture in order to
facilitate the modelling of long-term temporal
relationships. The Transformer module confers an
additional advantage in terms of discriminating
similar actions by virtue of its enhanced ability to
capture the long-term context between video frames.
As shown in Figure 2. In this study, a novel model
structure is also proposed:

The proposed structure is predicated on the Encoder-
Decoder principle. The Encoder part is responsible
for generating rich spatio temporal feature maps from
the video clip, utilising 3D CNN-based layers. These
features are then processed by a multi-layer
Transformer Encoder to model the long-term
relationships between actions. The Decoder part
employs the resulting global representation vector to
predict the action class. Consequently, a more
accurate action recognition system has been
developed that takes into account both motion
intensity and temporal continuity.

Transformer Q{%
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5
@ U ‘g Attention n
-
e
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Figure 2: Proposed Hybrid 3D CNNs Transformer-Based
Architecture.

The proposed structure is predicated on the Encoder-
Decoder principle. The Encoder part is responsible
for generating rich spatio temporal feature maps from
the video clip, utilising 3D CNN-based layers. These
features are then processed by a multi-layer
Transformer Encoder to model the long-term
relationships between actions. The Decoder part
employs the resulting global representation vector to
predict the action class. Consequently, a more
accurate action recognition system has been
developed that takes into account both motion
intensity and temporal continuity.

The integration path with mobile efficient
transformers is described below. Our Transformer
encoder can be replaced — as a drop-in — with a
MobileViT style block that uses depthwise 3D
convolutions for local mixing and a lightweight self
attention for global context. Concretely, we keep the
same clip length (T=16) and resolution (112x112),
form tokens via the existing 3D CNN, and apply
depthwise-separable Conv3D (k=3) + pointwise
Conv1x1x1 for per-token refinement, followed by a
small-width Transformer layer (reduced d_model,
fewer heads) with optional separable self attention.
This preserves our training protocol and compute
budget while aligning with MobileViT’s efficiency
principles.

The proposed system demonstrates superior
performance in terms of both accuracy and
generalisation when compared to classical 3D CNNs
or pure Transformer architectures. Moreover, the
layer structure of the model is optimised, which
reduces the number of parameters and consequently
the training time.

26. Experimental Setup

The proposed video-based human action recognition
model necessitates substantial computational power;
consequently, its training is conducted on a high-
performance hardware environment. All experiments
were conducted on a system equipped with an
NVIDIA RTX 4090 GPU card, 24 GB of memory,
and an Intel Core i9-13900K processor. The working
environment has a total of 128 GB of RAM, and
NVMe SSD disks were used for data loading. The
hardware infrastructure provided high data
throughput during model training and enabled
efficient processing of large video datasets. During
the training of the model, the hyperparameters were
selected with great care. The learning rate was
initially set to 0.001 and was dynamically decreased

throughout the training process using the Cosine
Annealing Scheduler method. The mini batch size
was selected as 16, in consideration of the high
dimensionality of the video data. The Adam optimiser
was utilised for the purpose of optimisation, with the
weight decay coefficient set to 0.0001. The cross-
entropy loss function was utilised throughout the
training process, and the risk of overfitting was
mitigated by employing an early stopping strategy. In
order to evaluate the overall performance of the
model, a number of metrics were calculated,
including accuracy, precision, recall, and F1 score.
The training process encompassed a total of 50
epochs, and the optimal results were identified
through the selection of those epochs that
demonstrated the highest accuracy values on the
validation set. The experimental configuration
guaranteed the effectiveness of the proposed model
on both the training dataset and the unprecedented
test dataset.

2.7. Preprocessing Techniques

The efficacy of video-based human action
recognition systems is contingent not only on the
model architecture but also on the data preprocessing
strategies employed. Video data are complex
structures that can be high dimensional, of variable
length, and contain various noises. Consequently, the
preprocessing steps applied prior to model training
exert a direct influence on the model's accuracy,
trainability, and generalisation capacity [1].

The initial step in this process is typically temporal
trimming. In this stage, videos are divided into fixed
length clips, and each action example is standardized.
This step facilitates more robust learning, particularly
in datasets such as Kinetics and UCF101, given the
considerable variability in video lengths [20].

‘ _’t H Cropping H Resizing HFrameSampling

Input Video Removes Scales to a Selects an
Clip unnecessary fixed resolution even number
regions of frames

Figure 3: Preprocessing Techniques in Video-Based HAR.

Another elementary procedure is resizing and
normalisation. Video frames are typically reduced to
112x112 or 224x224, and the pixel values are
normalised to the 0-1 range. This approach has been
shown to reduce the parameter load of the model
while concurrently enhancing numerical stability
during the training process [19].
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Frame sampling strategies are also frequently
employed. A predetermined number of frames (e.g.
16 or 32) are selected from each video clip. These
frames can be sampled in a number of ways,
including randomly, sequentially, or in equal
proportion. As [21] demonstrate, the utilisation of
uniform sampling is frequently recommended in
order to ensure the stabilisation of representation over
time.

It is evident that data augmentation techniques
constitute a significant component of the
preprocessing process. These techniques include
random cropping, horizontal flip, colour jitter, and
Gaussian  blur. Such operations have been
demonstrated to prevent model overfitting and
increase its robustness to real-world variations [18].

It is noteworthy that certain advanced preprocessing
systems are capable of generating optical flow maps.
This is particularly evident in the context of Two-
Stream CNNs models, wherein one network operates
on RGB images, while the other processes optical
flow information. This particular type of feature
engineering has been demonstrated to enhance
temporal information density, thereby facilitating
enhanced motion analysis [14]. In the context of
skeleton-based action recognition approaches, it is
imperative to note that keypoints extracted from
video data may require normalisation and alignment.
This is achieved by integrating with libraries such as
OpenPose, enabling geometric analysis of motion
[23]. It is evident that these preprocessing steps have
a substantial impact on the accuracy of models in
video-based human activity recognition systems.
Furthermore, they facilitate the standardisation of
datasets.

28. Training Strategies

The performance of deep learning-based human
action recognition models is contingent not only on
architectural choices but also on the training
strategies applied. The training process is of critical
importance to the accuracy, generalisation ability,
and learning stability of the model. In this section, we
will discuss the training strategies that are commonly
employed in video-based HAR models.

Firstly, the selection of optimisation algorithm has a
direct impact on model training. In the majority of
cases, Adam or Stochastic Gradient Descent (SGD)
algorithms are utilised in HAR studies [36]. Adam
optimization facilitates accelerated convergence for
complex models by virtue of its adaptive learning
rate. It is evident that SGD is capable of producing

more stable and generalisable results, particularly in
the context of large datasets. As demonstrated in the
relevant literature, comparisons of datasets such as
UCF101 and Kinetics have shown that SGD provides
more stable performance when carefully tuned with
hyperparameters like the learning rate and
momentum. Learning rate scheduling has been
identified as a significant factor in the efficacy of the
training process. In lieu of a fixed learning rate,
strategies such as cosine annealing, step decay and
warm-up are employed, with the learning rate
decreasing as training progresses [35]. In the context
of transformer-based HAR models, it has been
empirically demonstrated that an initial low rate,
followed by a subsequent gradual increase, results in
enhanced training stability. Another critical strategy
is early stopping. This approach mitigates the risk of
overfitting by terminating the training process when
the validation loss does not demonstrate improvement
over a specified period. It has been demonstrated that
the high dimensional and variable nature of video
data renders regularisation methods increasingly
important [19]. Batch size selection is crucial for
model accuracy and training time. 3D CNNs and
Transformer structures are memory intensive. They
are widely used in HAR systems. Mini-batch sizes
between 8 and 32 are generally preferred. Small batch
sizes are clearly superior for generalisation, while
large batches are undoubtedly faster for training but
are undeniably prone to overfitting [37]. Data
augmentation strategies are integrated into the
training process to increase the robustness of the
model to real-world variations. Methods such as
random clipping on the time axis, frame shuffle,
colour transformations, and spatial jitter are
guaranteed to increase learning success by
diversifying the training data [14]. Finally, pre-
training and transfer learning strategies are widely
used in HAR models. In particular, pre-trained
models on large datasets (e.g. Kinetics) can be
successfully adapted to smaller and special-purpose
datasets (e.g. UCF101). This reduces training time
and improves performance [20]. It is clear that the
right combination of these strategies allows HAR
models to learn faster, more accurately, and in a
generalisable way.

To quantify the contribution of each architectural
component, we performed an ablation study across
three model variants; a baseline with only 3D CNNs
layers, a Transformer-only configuration without
convolutional layers, and the proposed hybrid 3D
CNNs + Transformer model. All variants were
trained and evaluated under identical experimental
settings, ensuring a fair comparison in terms of
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dataset splits, preprocessing, and hyperparameter
tuning.

To provide a fair comparison of efficiency, we
measured parameter count, GFLOPs per video
(multiply adds counted as 2 FLOPs), and wall clock
inference latency per video. AIll models were
evaluated with the same clip length (T=16 frames),
input size (112x112), batch size , FP32 precision, and
on the same workstation (GPU or CPU). We ran 20
warm up iterations and averaged over 100 timed
iterationswith torch.inference_mode() and CUDA
synchronization. FLOPs were computed using fvcore
on a dummy input of shape (1,3,T,112,112). This
unified protocol was applied to our three variants and
to common video backbones (R3D-18/C3D, MC3-
18, R(2+1)D-18).

3. Results and Discussion

The proposed video-based human action recognition
model is tested on two datasets: UCF101 and
HMDBS51. The performance of the model is evaluated
using basic classification metrics such as accuracy,
precision, recall, and F1-score.

In the UCF101 dataset, the model demonstrated an
accuracy of 97%. In the HMDBS51 dataset, this rate
was 85%. In the case of the HMDB51 dataset, which
comprises a more complex and diverse set of classes,
the model attained an accuracy of 85%. The findings
indicate that the incorporation of a video-based
Transformer hybrid structure is particularly
efficacious in enhancing the performance of
conventional 3D CNNs models. The results are
shown in Figure 4.

The mean F1 score was 96.8% for the UCF101
dataset and 83.8% for HMDB51. The elevated F1
values thus indicate that the model has successfully
maintained not only the overall accuracy but also the
balance between the classes. In particular, the

proposed model demonstrated an 5-8% reduction in
error rate when discriminating similar actions (e.g.
"sit" and "fall"). This finding suggests that it
facilitates the successful learning of long-term
temporal context by attentional mechanisms. The
findings unequivocally demonstrate that the proposed
method offers substantial performance enhancements
in comparison to the Two-Stream CNNs and pure 3D
CNNs models as documented in the extant literature

The experimental results obtained demonstrate that
the proposed hybrid 3D CNNs + Transformer
architecture offers distinct advantages over classical
methods in the human action recognition task. In
particular, the integration of attentional mechanisms
has enabled the development of more effective
models of long-term motion patterns, thereby
enhancing the ability to discriminate between similar
actions.

A comparison of the model's performance on a
dataset-by-datasheet basis demonstrates its high level
of accuracy on less diverse and relatively regular
datasets, such as UCF101. However, for datasets
comprising a wide variety of classes and complex
scenes, such as HDMB51, there was a decline in
accuracy. This finding indicates that
furtherinvestigation is warranted into advanced data
augmentation techniques and domain adaptation
methods, with the aim of enabling HAR models to
effectively cope with larger data diversity. In
addition, analysis of the real-time performance of the
model revealed that the average classification time of
a video clip was sufficient in the hardware
environment used. This result indicates that the model
is appropriate for real-time or near real-time
utilisation in specific applications, such as security
cameras and health monitoring systems.
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Figure 4: Proposed Model Results (A) Roc Curves, (B) Confusion Matrix, (C) Class wise Performance.
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Nevertheless, the model continues to demonstrate
substandard performance for a number of infrequent
action categories. This is particularly evident in
scenarios where the dataset contains a limited number
of instances. Consequently, the model's
generalisation capability is constrained. This
necessitates the implementation of specific solution
strategies (e.g., the use of focal loss or class-weighted
training) to address data imbalance. In conclusion, the
proposed model has demonstrated considerable
efficacy in video-based HAR tasks. However, further
enhancements are recommended to achieve wider
generalisation and optimise data efficiency.

In order to validate the contribution of each
component, we conducted ablation experiments
HMDB51 dataset. Table 1 summarizes the results in
terms of Accuracy and F1.

Tablel: Ablation study results.

Model Variant Accuracy (%) F1 (%)

3D CNNs only 65.00 65.17
Transformer only 45.00 45.13
Hybrid (3D CNNs 83.33 83.53

+ Transformer)

The baseline 3D CNNSs achieved solid performance
by modeling short-term spatio-temporal features,
while the Transformer-only model provided marginal
improvements by capturing long-range temporal
dependencies. However, the proposed hybrid model
consistently outperformed both baselines, achieving
the highest scores across datasets. These findings
confirm that both components contribute positively
to recognition performance, and their integration
yields superior results compared to stand-alone
architectures. Table 2 reports Params,
GFLOPs/video, and latency for our variants and
reference backbones. The table complements the
accuracy results by quantifying the cost side of the
trade-off. We observe that the Hybrid model attains
the best recognition performance (see Table 1)
while maintaining competitive computational cost
relative to pure Transformer and 3D-CNNs baselines
under identical settings.

Compared to R3D-18, the Hybrid reduces parameters
by ~8.8x and GFLOPs by ~2.3x, and it is ~1.3% faster
on GPU. Transformer-only is the fastest and lightest
(5.00 ms; 4.20 GFLOPs) but underperforms in
accuracy (Table 1), clarifying the accuracy efficiency
trade off. 3D CNNs only has the fewest parameters
(1.15 M) but higher GFLOPs than Transformer-only.

Recent video transformers strive to improve data
efficiency and compute efficiency. VideoMAE
introduces masked autoencoding for self-supervised
video pretraining with extremely high tube masking
ratios, yielding strong transfer to UCF101/HMDB51
without external labels; VideoMAE-V2 further
scales model/data via dual masking toward video
foundation models. In parallel, MobileViT and
MobileViTv2 combine lightweight convolutions with
transformer token mixing to reduce parameters and
latency on edge devices. As a hierarchical alternative
tailored to video, Multiscale Vision Transformers
(MVIT/MVIiTv2) construct multi-scale feature
hierarchies that improve the accuracy/compute trade-
off for video recognition. Our hybrid 3D CNNs +
Transformer follows the same efficiency motivation
using 3D CNNSs to extract compact spatiotemporal
tokens and a lightweight transformer head while
remaining modular to adopt such efficient blocks.

4. Conclusion and Future Directions

In this paper, a hybrid model is proposed as a solution
to the existing problems in video-based human action
recognition. The model has been developed by
combining 3D Convolutional Neural Networks and
Transformer-based attention mechanisms. The
experiments are conducted on challenging and
comprehensive datasets such as UCF101 and
HMDB51.

Table2: Compute cost comparison.

Params GFLOPs Latency Latency

Model ; GPU CPU
(M) / video (ms) (ms)
R3D-18 33.37 40.74 9.32 510.61

(C3D)

MC3-18 11.70 43.40 9.80 567.19

R(2+1)D-18 31.51 40.64 18.18 624.80

Ours 3D 1.15 17.73 6.80 286.08
CNNs only

Ours 2.68 4.20 5.00 92.05
Transformer
only

Ours 3.78 17.75 6.96 288.13
Hybrid

The results demonstrate that the proposed method
exhibits high accuracy, strong generalisation, and
good class balance performance. In particular, the
efficacy of attentional mechanisms in modelling
long-term temporal dependencies is demonstrated,
and substantial performance enhancements over
conventional methods are attained. In addition,
experimental evidence has been presented
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demonstrating that the proposed encoder-decoder
structure facilitates more accurate classification of
human actions by effectively capturing both motion
intensity and temporal dynamics.

Nevertheless, the study is not without its limitations.
It is evident that significant challenges persist in
accurately identifying rare actions within multi-class
and imbalanced datasets. There is an imperative for
the development of model designs that are more
lightweight and energy-efficient to ensure the
attainment of real-time accuracy.

The following directions are suggested for future
work: The issue of data imbalance necessitates the
exploration of methodologies such as focal loss,
oversampling, and class-weighted learning, with a
particular focus on underrepresented classes. The
concept of model light-weighting is outlined as
follows: The development of more compact and
efficient versions of Transformer-based structures is
imperative for real-time applications. This includes
the exploration of small-scale Transformer
architectures such as MobileViT or TinyViT.

In order to enhance real-world compatibility, it is
imperative to collect field data for the purpose of
evaluating the performance of models. This
evaluation should encompass both academic datasets
and dynamic, multi-actor environments, ensuring the
models' efficacy in handling real-world complexity
and variability. In conclusion, this work represents a
significant advancement in the field of video-based
human action recognition, outperforming existing
methods in the literature. However, given the
diversity, scalability, and reliability requirements in
the HAR domain, there are significant opportunities
for more extensive and innovative future research.

Real-time deployment on constrained devices is a key
requirement of practical systems. While inference is
satisfactory on a GPU workstation, the model has not
been validated on mobile or embedded hardware. To
enable deployment in resource-constrained settings,
we plan to study quantization, knowledge distillation,
and pruning, and to report latency/throughput on
representative edge devices.

Contextual complexity and multi-actor scenes make
accurate  action recognition more difficult.
Performance remains limited when multiple people
interact within the same scene, where understanding
social and contextual relations is critical. Future
research will incorporate modules that explicitly
model inter-person interactions and scene context.

Ethical and privacy considerations are essential when
deploying Al models for human action recognition.
Continuous video monitoring raises privacy and
ethical concerns. Subsequent work will detail
safeguards including informed consent workflows,
data minimization/anonymization practices, and
secure handling to align with responsible Al
principles.

Self-supervised pretraining methods that leverage
large unlabeled video corpora can provide substantial
gains but complicate fair comparison due to differing
data and computational resources. We, therefore,
maintained a single supervised protocol here; future
experiments will systematically evaluate self-
supervised pretraining under controlled conditions,
especially for low-label HAR scenario.

5. Limitations and Future Challenges

Class imbalance and rare actions are important
considerations. Although the model attains high
accuracy on frequent classes, performance degrades
on underrepresented actions, especially in datasets
with imbalanced distributions. Future work should
explore strategies such as class-weighted objectives
and few-shot learning to improve recognition of rare
events. Long-range temporal modeling introduces
additional computational cost. Capturing very long
temporal dependencies increases computational
burden and can limit applicability to long-duration
videos. More efficient attention mechanisms (e.g.,
linearized or bottlenecked variants) will be
investigated to reduce memory and compute
requirements.
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