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Abstract. This study presents a comparative analysis of three convolutional neu-
ral network (CNN)-based methodologies, namely the Two-Stream CNN, CNN
+ LSTM, and 3D CNN, for human action recognition in video sequences. The
main goal of this research is to analyze and understand human behaviors in video
content. And subsequently, generate associated tags, all while surmounting the
intricate spatial and temporal intricacies inherent in this task. The experimental
evaluation employs the HMDB-51 dataset, and the findings reveal that all three
proposed algorithms effectively discern human actions within the video domain,
albeit with distinct performance variations. Furthermore, the paper offers in-depth
elucidations and comprehensive analyses of eachof thesemethods, thereby impart-
ing valuable insights and directions for prospective research endeavors in the realm
of human action recognition.
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1 Introduction

Recognizing human actions in video sequences is a crucial task within the field of
computer vision, with awide range of practical applications such as surveillance, human-
computer interaction, and video editing. The inherent complexity of humanmotion, with
its temporal and spatial variations, occlusion challenges, and complex backgrounds,
underscores the challenging nature of this problem. In recent years, ConvolutionalNeural
Networks (CNNs) have emerged as a powerful tool for human action recognition in
videos. CNNs, with their ability to automatically extract meaningful features from raw
data, have achieved significant success in various computer vision tasks, including image
and video recognition. This paper aims to investigate and explain the synergy between
CNNs and human action recognition, contributing to the advancement of these versatile
applications.This study compares three advanced CNN-based algorithms—Two-Stream
CNN, CNN + LSTM, and 3D CNN—in the context of human action recognition and
tag generation within video data. Performance evaluation is conducted on the HMDB-51
dataset, renowned for its 51 action categories and 6,766 video samples. The research
aims to determine the most effective approach for enhancing video content analysis and
indexing applications.
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Our initial algorithm under scrutiny is the Two-Stream CNN, a widely adopted
technique in the domain of video action recognition. The Two-Stream CNN framework
comprises two distinct Convolutional Neural Networks, each autonomously processing
spatial and temporal information.The spatialCNNis responsible for analyzing individual
frameswithin the video sequence,while the temporalCNNfocuses on elucidating optical
flow dynamics between frames. Subsequently, the feature maps from both CNNs are
combined and directed into a fully connected layer, enabling the final classification
process. It is worth noting that the Two-Stream CNN consistently achieves top-tier
performance on a range of action recognition benchmarks, even on the highly challenging
HMDB-51 dataset.

Our second algorithm of interest is the CNN + LSTM, an amalgamation of Con-
volutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks,
representing a sophisticated fusion of spatial and temporal processing. In this model,
video frames undergo initial processing via a CNN, followed by the cascading of CNN
output into an LSTM network, a pivotal element for temporal modeling. The LSTM’s
inherent capacity to encapsulate the intricate temporal dynamics intrinsic to video data
renders it exceptionally well-suited for action recognition tasks. It is worth highlight-
ing that the CNN + LSTM model has continuously achieved top-tier performance on
a variety of action recognition datasets, demonstrating its ability to effectively manage
the temporal complexities within video sequences.

The third algorithm we evaluate is the 3D CNN, extending the traditional CNN
architecture to include the temporal dimension. The 3D CNN processes the entire video
clip as a three-dimensional volume, and the filters in the convolutional layers operate
over both the spatial and temporal dimensions. The 3D CNN can directly capture the
spatiotemporal features of the video and has achieved competitive results on several
action recognition datasets.

We evaluate each algorithm using the HMDB-51 dataset and report the recogni-
tion accuracy. The experimental results show that all three algorithms achieve high
recognition accuracy, with the 3D CNN achieving the highest accuracy. The 3D CNN
outperforms the other two algorithms by a significant margin, indicating the importance
of directly modeling the spatiotemporal features of the video.

In summation, this study conducts a comparative assessment of three state-of-the-
art CNN-based algorithms designed for the recognition of human actions within video
streams. The empirical evidence substantiates the robust efficacy of Convolutional Neu-
ral Networks (CNNs) in the realm of action recognition, unequivocally underscoring the
indispensability of directly modeling the intricate spatiotemporal intricacies pervasive
within video data. The erudition procured from this investigation stands as a corner-
stone for the development of precision-driven, computationally efficient algorithms,
tailored to the exacting requirements of human action recognition in video sequences,
thus enhancing the state of the art in this field.

2 Related Work

Amultitude ofmethodologies has been proposed in the field of human action recognition
in video streams. Traditional approaches involve the use of manually designed features,
such as Histogram of Oriented Gradients (HOG), Histogram of Optical Flow (HOF),
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andMotion Boundary Histograms (MBH). These features are often combined with vari-
ous classification frameworks, including Support Vector Machines (SVMs) and Hidden
Markov Models (HMMs) [1]. However, these conventional methods are burdened by
a fundamental limitation – their inability to automatically extract discriminative fea-
tures directly from raw data. As a result, they require a laborious and complex feature
engineering process to achieve optimal performance, thus underscoring a significant
drawback of these approaches.

In light of recent advancements in the domain of deep learning, Convolutional Neural
Networks (CNNs) have notably ascended to prominence as the prevailing approach for
video action recognition. Notably, the Two-Stream CNN, pioneering CNN-based action
recognition methodology, has consistently attained state-of-the-art performance across
multiple datasets [2]. Subsequent advancements have further augmented its efficacy
by incorporating spatial and temporal attention mechanisms [3, 4]. Another notable
paradigm, theCNN+LSTMmodel, integrates the spatial feature extraction proficiencies
of CNNs with the temporal modelingcapabilities of Long Short-TermMemory (LSTM)
networks [5]. This synergy has been instrumental in securing state-of-the-art results
across diverse datasets, aptly capturing the intricate temporal dynamics intrinsic to video
data.

The 3D CNN is a more recent approach extending traditional CNN architecture to
include the temporal dimension [6]. The 3D CNN can directly model the spatiotemporal
features of the video and has achieved competitive results on several action recognition
datasets [7, 8]. The 3D CNN has also been combined with other techniques, such as
residual connections and attention mechanisms, to improve its performance [9, 10].

Despite the remarkable strides achieved by cnn-based methodologies, they grapple
with several formidable challenges when it comes to the nuanced task of human action
recognition within video sequences. Foremost among these challenges is the pervasive
variability inherent in human activities, stemming from factors such as diverse view-
points, scale disparities, and occlusion complexities. in response to these challenges,
contemporary approaches have sought to fortify feature extraction through the incorpo-
ration of supplementary modalities encompassing pose, depth, and audio cues [5, 6, 11].
Another profound hurdle is the constraint posed by limited labeled data availability, a
consequence of the laborious and costly process of curating comprehensive annotated
datasets for action recognition. Innovative solutions have consequently explored transfer
learning paradigms and unsupervised learning strategies, facilitating the utilization of
pre-trained models and unannotated data resources, thereby surmounting this challenge
[12, 13].

In summary,CNN-basedmethods have become themost popular approach for human
action recognition in Videos, owing to their capacity to acquire discriminative features
from raw data. Despite the presence of several challenges, recent developments in deep
learning have brought about substantial changes. Improved the recognition accuracy of
human actions in videos.
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3 Our Methods

Within this investigation, we proffer and subsequently juxtapose three distinct CNN-
based paradigms designed for the intricate task of human action recognition within
video sequences: the Two-Stream CNN, CNN + LSTM, and 3D CNN. Our overarch-
ing objective resides in probing the efficacy of these methodologies in navigating the
multifaceted challenges that underlie the precise discernment of human actions in the
dynamic domain of video data (Fig. 1).

Fig. 1. Architecture flow

A. CNN Model
The Two-Stream CNN paradigm, a widely acclaimed approach, harmoniously

integrates spatial and temporal insights using dual CNN architectures, one dedicated
to spatial frame processing and the other to temporal frame analysis. The spatial CNN
independently processes each frame, meticulously extracting spatial features, while
the temporal CNN undertakes the temporal features’ extraction from a sequence of
contiguous frames. Subsequently, the outputs of these two specialized CNNs are
smoothly combined and directed into a fully connected layer, leading to the final
classification stage.

B. CNN + LSTM Model
The CNN+ LSTM paradigm, a well-established and lauded approach, synergis-

tically amalgamates the spatial feature extraction proficiency inherent in CNNs with
the formidable temporal modeling prowess of Long Short-Term Memory (LSTM)
networks. Within this methodology, the CNN autonomously analyses each video
frame, adeptly extracting spatial features. Subsequently, these spatial features are
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channeled into an LSTM architecture, thereby enabling the meticulous modeling
of intricate temporal dynamics within the video sequence. The LSTM’s output is
then processed through a fully connected layer, playing a crucial role in the action
recognition classification step.

C. 3D CNN
The 3D CNN methodology emerged as the preeminent performer, exhibiting

superior metrics in accuracy, precision, recall, and F1 score on the demanding
HMDB-51 dataset. Notably, its hallmark is the direct extraction of spatiotempo-
ral features from video data, obviating the necessity for distinct spatial and tempo-
ral modeling architectures. Furthermore, it offers a notable advantage in terms of
computational efficiency, necessitating a reduced training period in contrast to the
Two-Stream CNN. However, a potential limitation lies in its ability to capture fine-
grained spatial details due to the inherent size disparity between 3D and conventional
2D kernels employed in traditional CNNs. The holistic analysis results underscore
the efficacy of all three methodologies in the realm of human action recognition
within video sequences. Nevertheless, the 3D CNNmethod stands out as the optimal
choice, excelling in both accuracy and computational efficiency. The selection of the
most suitable approach remains contingent upon task-specific requirements, such as
action complexity, dataset scale, and computational resources at one’s disposal.

4 Results

The study’s outcomes underscore the compelling efficacy of the three scrutinized convo-
lutional neural network (CNN) algorithms, namely Two-Stream CNN, CNN + LSTM,
and 3D CNN, in the domain of human action recognition within video data. These meth-
ods consistently demonstrated their proficiency in accurately detecting human actions,
the 3D CNN approach notably outperforms its counterparts in both accuracy and com-
putational efficiency. These empirical insights underscore the importance of algorithm
selection, contingent upon the specific exigencies of the task, including the intricacy
of the actions, the scale of the dataset, and the computational resources at one’s dis-
posal.While all three algorithms exhibited promising performance, the 3DCNNmethod
emerges as the preferred choice, encapsulating the twin virtues of precision and effi-
ciency in action recognition. The ramifications of these findings extend across diverse
domains, bearing notable implications for the evolution of video analysis algorithms.
These algorithms, as scrutinized in this study, hold promise formultifarious applications,
spanning security surveillance, sports analytics, entertainment industry content analysis,
and healthcare human activity monitoring, enriching the purview of their practical utility
(Fig. 2).

The study’s findings provide valuable insights that can guide the advancement of
more sophisticated algorithms for video analysis. It is important to acknowledge cer-
tain limitations of this study, such as the specific choice of the HMDB-51 dataset and
the available computational resources. Future research should focus on testing the algo-
rithms on larger andmore diverse datasets to ensure their robustness and generalizability
across various scenarios. Additionally, exploring the integration of additional features
or architectural variations could further enhance the performance and applicability of
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Fig. 2. Identifying the person

these algorithms in real-world settings. In conclusion, this study contributes to the ongo-
ing research on human action recognition in videos by comparing Three algorithms
based on CNNs were evaluated, and the results demonstrate their effectiveness, par-
ticularly with the 3D CNN method outperforming the others. These findings provide
insights into the strengths and weaknesses of each algorithm and their potential impli-
cations across various industries and domains, contributing to the advancement of video
analysis technology (Figs. 3, 4, and 5).

Fig. 3. Total Loss vs Total Validation Loss

Fig. 4. Total Accuracy vs Total Validation Accuracy



Exploring CNN-Based Algorithms 113

Fig. 5. Predicted label vs True label

5 Conclusion

In summary, this paper has introduced and extensively analyzed three distinct convolu-
tional neural network (CNN) algorithms for human action recognition in videos: Two-
Stream CNN, CNN+ LSTM, and 3D CNN. Through rigorous testing on the HMDB-51
dataset, the study demonstrates the effectiveness of all three methods in accurately iden-
tifying human actions in videos. Notably, the 3D CNN approach outperforms the others
in terms of both accuracy and computational efficiency. These findings hold considerable
significance for the advancement of video analysis techniques across a broad spectrum
of applications, with the choice of algorithm contingent upon specific task requirements.

The analysis reveals that the method of choice is contingent upon task-specific requi-
sites, embracing parameters such as the intricacy of action dynamics, dataset dimensions,
and the computational infrastructure at one’s disposal. Furthermore, the research findings
hold the promise of catalyzing the development of cutting-edge algorithms in the domain
of video analysis, with wide-ranging potential applications across multifaceted domains
including but not limited to surveillance, sports analytics, entertainment industry content
curation, and healthcare activity monitoring.

In its totality, this research study makes a substantial contribution to the continually
evolving landscape of human action recognition within video data, endowing it with
invaluable insights into the nuanced attributes and constraints inherent to distinct CNN-
based methodologies in this specialized domain.

6 Future Scope

In summary, our study underscores the performance of three CNN-based algorithms –
Two-Stream CNN, CNN + LSTM, and 3D CNN – in human action recognition within
videos. Two-stream CNN integrates spatial and temporal aspects, albeit with compu-
tational overhead. CNN + LSTM effectively combines spatial and temporal features
but demands substantial computational resources. Notably, 3D CNN outperforms in
accuracy and efficiency, potentially at the cost of fine-grained spatial detail. Method
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selection should be task-specific, considering the complexity, dataset scale, and com-
putational resources, with broad implications for video analysis advancement across
domains.

Implications of the findings: The conclusion should discuss the impact of the study’s
findings on future research in human action recognition. It should highlight potential
applications of the algorithms, such as surveillance, sports, entertainment, and health-
care. Additionally, it should address how the findings could inform the development of
more advanced algorithms for video analysis.

Limitations and future directions: The conclusion should acknowledge any rules
of the study, such as the choice of dataset or the computational resources available. It
should suggest suggestions for future research, such as testing the algorithms on larger
and more diverse datasets or exploring the integration of other features.

The field of human action recognition is notably advanced by this study, which
offers a thorough assessment of three CNN-based algorithms: Two-Stream CNN, CNN
+ LSTM, and 3D CNN. It adds substantial depth to existing knowledge by delineating
the strengths and limitations of thesemethods and offers a pragmatic approach tomethod
selection based on task complexity, dataset size, and computational resources. Beyond
enhancing our theoretical understanding, this research sets the stage for the development
of advanced video analysis algorithmswith potential applications spanning surveillance,
sports analysis, entertainment content curation, and healthcare activity monitoring. In
essence, this work is a pivotal step in advancing human action recognition and addressing
the field’s critical challenges.

Significance and impact: The conclusion should emphasize the importance and
impact of the study’s findings. It should discuss how the algorithms could potentially
benefit various industries and fields and how they could help advance state-of-the-art
video analysis.
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