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Abstract:
Video action recognition is an important research direction in the field of computer vision and pattern recognition, 
with extensive applications in intelligent video surveillance, human-computer interaction, and sports analysis. The 
development of data storage and computing hardware over the past decade has driven a shift from traditional feature 
extraction and machine learning algorithms to deep learning-based approaches. This paper reviews the current state of 
development, problems, and future research directions of video action recognition techniques. Traditional methods are 
gradually being replaced by deep learning methods such as convolutional neural networks (CNNs), recurrent neural 
networks (RNNs), and long-short-term memory networks (LSTMs). These methods automatically extract features 
and handle time-dependency, significantly improving the accuracy and robustness of action recognition. In particular, 
models based on the attention mechanism further enhance action recognition performance by dynamically adjusting 
the focus of attention, a current hot spot in research. Despite many advances, video action recognition still faces 
several challenges, including high computational resource requirements, complex model training, dataset bias issues, 
and variations in real-world application scenarios such as viewpoint changes, lighting changes, and occlusion. Future 
research can explore multi-modal fusion, lightweight models, self-supervised learning, and cross-domain transfer 
learning to improve the accuracy, robustness, and generalization of action recognition. The review provided aims to 
offer researchers a comprehensive perspective on the current state of development and future research directions of 
video action recognition technology.
Keywords: Video Action Recognition, Deep Learning, CNN, RNN, Attention Mechanisms, Multi modal 
Fusion, Self-Supervised Learning, Cross-Domain Migration Learning

1. Introduction
Video action recognition technology is one of the import-
ant research directions in the field of computer vision and 
pattern recognition, and it has a wide range of applications 
in intelligent video surveillance, human-computer interac-
tion, and sports analysis [1]. Only 10 years ago, the field 
mainly relied on manual feature extraction and general 
machine learning algorithms due to limitations in data 
storage capacity and computing hardware [2]. With the 
development of computing chips and storage units, deep 
learning-based video action recognition methods have 
gradually become a research hotspot, making significant 
progress in several aspects [3][4]. Video content analysis 
is a key technology for realizing intelligent video applica-
tions, with action recognition playing a crucial role [4]. In 
intelligent video surveillance, recognizing human actions 
in the video enables functions like abnormal behavior de-
tection and intrusion detection, thereby improving securi-

ty levels [5]. In human-computer interaction, recognizing 
user actions allows for more natural and efficient interac-
tions [5]. In sports analysis, automating the recognition of 
athletes’ actions assists referees in judging penalties and 
improves the accuracy and efficiency of game analysis [1]. 
Video action recognition technology has evolved from 
traditional methods to deep learning methods. Traditional 
methods mainly relied on hand-designed features, such as 
optical flow features and trajectory features, which could 
recognize simple actions to some extent. However, with 
the increase in video data volume and complexity, the 
limitations of traditional methods have become apparent 
[3]. In recent years, the introduction of deep learning, es-
pecially CNNs and RNNs, has provided new approaches 
for video action recognition. Deep learning methods have 
dramatically improved the accuracy and robustness of 
action recognition by automatically learning features from 
video data [3][5]. The purpose of this review is to provide 
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an overview of the development status and application of 
deep learning-based video action recognition technology. 
Traditional video action recognition methods, including 
model-based and feature-based methods, are introduced 
first. The application of deep learning in video action rec-
ognition is then discussed in detail, covering models such 
as CNNs, RNNs, and LSTMs. Commonly used action rec-
ognition datasets and performance evaluation indexes are 
also introduced. Finally, current challenges and problems 
in action recognition are analyzed, and future research di-
rections are discussed.

2. Literature review
2.1 Traditional Video Action Recognition 
Methods
Traditional video action recognition techniques are main-
ly divided into model-based methods and feature-based 
methods. Model-based methods simulate human motion 
for action recognition. Early research primarily used 
models like Hidden Markov Model (HMM) and Dynamic 
Time Warping (DTW) to achieve action recognition by 
tracking and matching the key points of the human body 
[6][7]. These methods perform well for simple actions but 
struggle with complex actions and occlusion problems 
[7][8]. Feature-based methods rely on features extracted 
from the video, such as optical flow, trajectory, and shape 
[7][8]. For instance, Improved Dense Trajectories (IDT) 
features perform well in complex scenes and actions [7]. 
However, these methods often require extensive prepro-
cessing and feature engineering, have high computational 
complexity, and are less robust to environmental changes 
and occlusions [8].

2.2 Deep Learning Based Action Recognition 
Methods
With the rise of deep learning, especially the application 
of CNN and RNN, video action recognition techniques 
have made significant progress [9]. CNNs excel in image 
feature extraction and are suitable for processing spatial 
information in video frames. Simonyan and Zisserman 
proposed a dual-stream CNN model that achieves efficient 
recognition of video actions by fusing RGB images and 
optical flow images [11]. Additionally, the 3D CNN mod-
el can capture both spatial and temporal information in the 
video, improving the accuracy of action recognition [12]. 
RNN and LSTM are effective at processing sequential 
data and are suitable for capturing temporal dependencies 
in videos. The unsupervised video representation learn-
ing method based on LSTM proposed by Srivastava et 
al. efficiently handles long video sequences, significantly 
improving action recognition performance [13]. LSTM, 

through its gating mechanism, can memorize and forget 
important information in time series, making it suitable for 
complex action recognition tasks [14]. In addition to CNN 
and RNN, other deep learning models such as Transform-
er are also gradually being applied to video action recog-
nition. Transformer captures long-distance dependencies 
in videos through its self-attention mechanism, enhancing 
the accuracy of action recognition [15].

2.3 Action Recognition Dataset and Evalua-
tion Metrics
Commonly used action recognition datasets include KTH, 
UCF101, and HMDB-51 [6][8]. The KTH dataset contains 
six basic actions, such as walking and running, performed 
by 25 individuals in four different scenarios, totaling 2,391 
videos. This dataset features simple scenes and is mainly 
used to initially verify the effectiveness of algorithms [6]. 
The UCF101 dataset includes 101 movement categories 
and 13,320 videos, covering a wide range of fields such as 
sports and daily life, making it one of the standard datasets 
widely used today [3]. The HMDB-51 dataset comprises 
51 movement categories and 5,100 videos from various 
sources and complex scenes, serving as a standard dataset 
to test algorithm robustness [6][8]. The complexity of this 
dataset is a good test for the robustness and generalization 
ability of algorithms [3]. In terms of evaluation metrics, 
action recognition ability is assessed using Accuracy and 
Mean Average Precision (mAP) [8]. These metrics mea-
sure the classification ability and robustness of the models 
and reflect their practical application potential.

2.4 Challenges and Issues in Action Recogni-
tion
Although deep learning methods have made significant 
progress in video action recognition, they still face several 
challenges and problems. One major challenge is viewing 
angle variation; the performance of the same action can 
vary greatly under different camera angles, leading to a 
decrease in model recognition accuracy [6]. Occlusion 
and lighting variations also pose problems; in practical 
applications, human actions may be partially occluded or 
performed under different lighting conditions, affecting 
feature extraction and recognition [8]. The dataset bias 
problem is another issue; the samples in the training data-
set are often similar, leading to insufficient generalization 
ability of the model in new environments [9]. Additional-
ly, deep learning models usually require significant com-
putational resources, and processing long video sequences 
in real-time remains a challenge [6].

2.5 Directions for future research
Future research can explore the following aspects: mul-
timodal fusion, which improves the accuracy and robust-
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ness of action recognition by combining multiple modal 
information such as RGB images, depth images, and 
infrared images [9]. Research on lightweight models aims 
to reduce computational complexity and achieve real-time 
action recognition [3]. Self-supervised learning leverages 
unlabeled data for pre-training to enhance model perfor-
mance in small sample environments [9][15]. Cross-do-
main migration learning, where a model trained on one 
dataset is transferred to another different but related data-
set, can improve model performance and generalization 
ability in new environments [6][9][15].

3. Deep learning based action recogni-
tion method
3.1 CNN
CNNs excel in image feature extraction and are particu-
larly suitable for processing spatial information in video 
frames. The dual-stream CNN model proposed by Simon-
yan and Zisserman achieves efficient recognition of video 
actions by fusing RGB images and optical flow images 
[11]. Additionally, the 3D CNN model captures both spa-
tial and temporal information in videos, improving the 
accuracy of action recognition [12]. The advantages of 
CNNs include efficient feature extraction and strong ro-
bustness, making them suitable for a variety of complex 
scenes. However, CNNs are computationally resource-in-
tensive, challenging to process in real-time, and difficult 
to capture temporal dependencies in videos when used 
alone.

3.2 RNN and LSTM
RNN and LSTM excel at processing sequential data 
and are suitable for capturing temporal dependencies in 
videos. The unsupervised video representation learning 
method based on LSTM proposed by Srivastava et al. 
effectively processes long video sequences, significantly 
improving action recognition performance [13]. LSTM, 
through its gating mechanism, can memorize and forget 
important information in time series, making it suitable 
for handling complex action recognition tasks [14]. The 
advantage of RNN and LSTM lies in their ability to cap-
ture temporal dependencies effectively, making them 
suitable for long time-series data. However, training these 
models is complex, prone to vanishing or exploding gradi-
ent problems, and requires high computational resources, 
posing challenges for real-time applications.

3.3 Models based on attention mechanisms
In recent years, attention mechanisms have been widely 
used in video action recognition. The attention mecha-
nism enhances the accuracy and robustness of models by 
automatically focusing on important regions and time seg-

ments in the video. The time-domain attention mechanism 
captures important action changes in a video sequence by 
assigning different attention weights to various time steps. 
The Temporal Segment Networks (TSN) model proposed 
by Wang et al. improves action recognition by segment-
ing the video into several parts and applying the attention 
mechanism to each segment, capturing the temporal in-
formation of the action, thus improving accuracy [15]. 
Additionally, the spatial-domain attention mechanism 
captures important features in each frame by assigning 
different attention weights to different regions of the im-
age. The Action Transformer model proposed by Girdhar 
et al. achieves efficient video action recognition by com-
bining spatial-domain and temporal-domain attention 
mechanisms [16]. The multimodal attention mechanism 
integrates information from different modalities, such as 
RGB images, optical flow images, and depth images, to 
improve action recognition accuracy. The CoViAR model 
proposed by Liu et al. significantly enhances performance 
by fusing features of RGB images and optical flow images 
and applying the attention mechanism on top of them [17]. 
The advantages of attention-based models include the 
ability to dynamically adjust the model’s focus, improv-
ing recognition accuracy and better handling of complex 
scenes and long-duration videos. However, the implemen-
tation and training processes of these models are complex 
and require substantial data and computational resources.
In the future, models based on the attention mechanism 
may have better development prospects. The attention 
mechanism can dynamically adjust the focus of the mod-
el, enhancing its accuracy and robustness in recognition 
tasks. Models that combine multimodal information with 
attention mechanisms are expected to further improve the 
performance and application scope of video action recog-
nition. Additionally, research into lightweight models and 
self-supervised learning will provide new development 
directions for video action recognition, reducing the de-
mand for computational resources and enabling real-time 
applications.

4. Conclusion
This paper reviews the current development status, chal-
lenges, and future research directions of video action 
recognition techniques based on deep learning. Significant 
progress has been made in video action recognition tech-
nology in recent years, with traditional methods gradually 
being replaced by deep learning methods such as CNN, 
RNN, and LSTM. These methods can automatically ex-
tract features and handle temporal dependencies, signifi-
cantly improving the accuracy and robustness of action 
recognition [1][2][3][11][12][13][14]. Models based on 
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attention mechanisms further enhance action recognition 
performance by dynamically adjusting the focus of atten-
tion, making them a current research hotspot [15][16][17].
However, despite many advances, video action recogni-
tion still faces several challenges. First, high computa-
tional resources are required, and real-time processing of 
long-duration videos remains difficult [11][13]. Second, 
model training is complex and prone to gradient vanish-
ing or explosion problems [14]. Additionally, the dataset 
bias issue leads to insufficient generalization ability of the 
model in new environments [16][17]. Finally, variations in 
real application scenarios, such as different camera angles, 
lighting changes, and occlusion, continue to challenge the 
robustness of the model [6][8][9].
Future research can explore the following aspects: mul-
timodal fusion, which enhances the accuracy and robust-
ness of action recognition by combining multimodal in-
formation such as RGB images, optical flow images, and 
depth images [15][17]; the development of lightweight 
models, which reduces computational complexity and en-
ables real-time action recognition [3][15]; the application 
of self-supervised learning and cross-domain migratory 
learning, which utilizes unlabeled data for pre-training 
to improve model performance in small sample environ-
ments and enhance the generalization ability of the model 
[9][16]; and models that combine attention mechanisms 
with multimodal information to further improve the per-
formance and application scope of video action recogni-
tion [15][16][17].
Through the review in this paper, we hope to provide re-
searchers with a comprehensive perspective on the current 
state of development and future research directions of vid-
eo motion recognition technology.
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