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Abstract

Human action detection has emerged as one of the critical
research areas both in computer vision and deep learning,
inspired by various applications related but not limited to
surveillance and human-computer interaction. This paper,
therefore, sets out to perform a review study on how deep
learning algorithms have been applied in detecting and
recognizing actions from image sequences. It starts with a
review of the literature on state-of-the-art action recognition
techniques and then discusses their relative advantages and
limitations. The proposed system makes use of convolutional
neural networks combined with long short-term memory for
a superior understanding of spatial and temporal features in
images. In the experimental evaluation of the model, a dataset
of human actions was used, and the results showed that the
proposed approach provides greater accuracy compared to
traditional approaches. This paper provides a discussion on
the possible improvements and applications of this method
in real-world scenarios.

1. Introduction

Human action detection and recognition form some of the
fundamental challenges within the domain of computer
vision, finding broad applications in video surveillance,
health monitoring, virtual reality, autonomous driving, and
human-computer interaction. The capability of automatically
detecting and classifying human actions from either video
or image sequences is an integral component in developing
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intelligent systems that can interact and understand human
behavior. Traditional methods for detecting human actions
have relied much on handcrafted features and classical
machine learning techniques, which often fail to capture the
complexity of motion and interaction in real scenes.

Recent developments in deep learning, particularly CNN
and RNN techniques, have improved the performance of
action detection systems by automatic feature extraction
and training on large datasets. CNNs are good for spatial
information extraction from images, while RNN variants,
such as long short-term memory networks, will model
dependencies across time; thus, they are ideal for tasks that
require understanding actions over time. To this end, this
paper attempts to portray an approach toward the detection
of human activities based on deep learning by leveraging the
strengths of both CNNs and LSTMs. The objective is to devise
a system that effectively and efficiently identifies complex
human activities.

2. Literature Review

2.1. Review of Literature on “Human Action Detection
using Image Data and Deep Learning Algorithms”

The study of human action detection has attracted
significant attention in recent decades due to its wide range
of applications in various fields, including surveillance,
healthcare, autonomous systems, human-computer
interaction, and virtual reality. The problem of recognizing
and detecting human actions from image or video data is
inherently challenging, as it involves the understanding
of complex motions, temporal dynamics, and spatial
features. This literature review explores the development
of methodologies, from traditional machine learning-based
techniques to the more recent deep learning approaches,
providing a comprehensive overview of advancements in the
field.

2.2. Early Approaches to Human Action Detection

Before the advent of deep learning, traditional computer
vision and machine learning techniques dominated the field

153



Neural Horizons: The Uncharted Future of Deep Learning

of human action recognition. These approaches relied heavily
on handcrafted features, where the goal was to manually
design algorithms that could extract meaningful information
from video sequences. The most commonly used handcrafted
features were Histogram of Oriented Gradients (HOG) (Dalal
& Triggs, 2005), optical flow (Horn & Schunck, 1981), and
Space-Time Interest Points (STIP) (Laptev, 2005).

2.3. Histogram of Oriented Gradients (HOG):HOG features
were used for detecting local object appearances and shapes.
In the context of human action detection, these features were
designed to capture local motion and structural information,
which was later classified using traditional machine learning
algorithms such as Support Vector Machines (SVMs) (Dalal
& Triggs, 2005). Although HOG features could capture
spatial information, they were limited in their ability to
model temporal dynamics, which is critical in understanding
continuous actions.

2.4. Optical Flow: Optical flow describes the pattern of
motion of objects, surfaces, and edges in a visual scene. The
use of optical flow for action recognition became popular
for capturing the movement of pixels between consecutive
frames (Horn & Schunck, 1981). However, while it could
provide temporal information about motion, its performance
degraded in complex scenarios involving background motion
or lighting changes.

2.5. Space-Time Interest Points (STIP):STIP was one of the
earliest attempts to detect and describe local motion patterns
in video sequences (Laptev, 2005). It aimed to capture local
features in both spatial and temporal dimensions, identifying
significant points where motion occurred. These points were
then classified using methods like Bag of Words (BoW)
and SVMs. Although STIP improved action detection in
comparison to purely spatial methods, it still lacked the
capability to handle long-term temporal dependencies and
struggled in cases of occlusion or noise.

These traditional methods, though successful in constrained
environments, were limited by their dependence on
handcrafted features. The generalization capability of these
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systems across different datasets, lighting conditions, and
viewing angles was poor, and they often failed to handle
complex actions involving subtle or overlapping motions.
The advent of deep learning brought a significant shift in the
approach toward human action detection, automating the
feature extraction process and enabling models to learn from
large datasets.

2.6. The Emergence of Deep Learning in Human Action
Detection

Deep learning revolutionized the field of human action
detection by introducing data-driven models that could
automatically learn spatial and temporal features from
raw image data. This section discusses key developments
in the application of deep learning techniques, focusing on
convolutional neural networks (CNNs) and recurrent neural
networks (RNNs) as the primary architectures employed for
this task.

2.7. Convolutional Neural Networks (CNNs): CNNs, known
for their effectiveness in image classification tasks, were first
applied to action recognition by extracting spatial features
from individual frames or sequences of frames. CNNs
consist of multiple layers of convolutional filters that learn
hierarchical features, such as edges, textures, and objects,
which can be used to recognize actions in images or videos
(Krizhevsky, Sutskever, & Hinton, 2012). Initial attempts to
apply CNNs to action recognition involved using 2D CNNs
to process static frames from videos, but these models were
limited in their ability to capture temporal information.

2.8. Two-Stream CNNs: To address the limitation of temporal
modeling, Simonyan and Zisserman (2014) proposed a two-
stream CNN architecture, where one stream processes RGB
frames to capture spatial information, and the other stream
processes optical flow to capture motion between frames. The
two-stream architecture showed significant improvement
over traditional methods by combining spatial and temporal
information. However, the method still relied on the pre-
computation of optical flow, which added computational
overhead and limited real-time applications.
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3D CNNs: As a natural extension of CNNs, 3D CNNs were
introduced to capture spatio-temporal information directly
from video sequences. A 3D CNN applies convolutions
over both the spatial and temporal dimensions, allowing the
network to learn features that span across multiple frames
(Ji et al., 2013). This approach improved the ability to model
temporal dynamics, but at the cost of increased computational
complexity and the need for larger datasets to train the model
effectively.

2.9. Recurrent Neural Networks (RNNs) and Long Short-
Term Memory (LSTM) Networks: While CNNs excel at
capturing spatial features, they struggle to capture long-term
temporal dependencies. Recurrent neural networks (RNNs),
particularly Long Short-Term Memory (LSTM) networks,
became popular for their ability to model sequential data.
LSTM networks can maintain a memory of previous frames
in a video sequence, making them ideal for action recognition
tasks that require understanding the temporal evolution of
actions (Donahue et al., 2015).

29.1. CNN-LSTM Architectures: Hybrid architectures
combining CNNs and LSTMs emerged as a popular approach
for human action detection. In this setup, CNNs are used to
extract spatial features from individual frames, which are
then passed to LSTM layers to model temporal dependencies
(Donahue et al., 2015). This method effectively balances the
need for both spatial and temporal feature extraction, leading
to improvements in action recognition accuracy. CNN-LSTM
architectures became a standard for many applications,
including video classification, activity recognition, and
gesture recognition.

2.10. Advancements and Improvements in Deep Learning-
based Methods

As research in human action detection progressed, several
key advancements were made to address the limitations of
early deep learning approaches:

2.10.1. Attention Mechanisms: Attention mechanisms have
been introduced to enhance the ability of models to focus on
important regions in both spatial and temporal dimensions.
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Attention allows the model to prioritize certain parts of an
image or sequence, improving the recognition of actions
that involve subtle or localized motions. Wang et al. (2018)
proposed a spatio-temporal attention mechanism that
dynamically weighs different regions of frames and frames
within a sequence, improving the performance of action
detection models.

2.10.2. Temporal Segment Networks (TSN): Temporal
Segment Networks (Wang et al., 2016) were introduced as
an effective way to handle long video sequences by dividing
the video into segments and extracting representative frames
from each segment. The extracted frames are processed
independently using a CNN, and the features are aggregated
to classify the overall action. TSN showed improvements
in both accuracy and computational efficiency, particularly
for long videos where modeling the entire sequence is
computationally prohibitive.

2.10.3. Self-Supervised and Semi-Supervised Learning:
One of the challenges in human action detection is the need
for large, annotated datasets to train deep learning models.
Recent research has explored self-supervised and semi-
supervised learning techniques, where models can learn
useful features from unlabeled data or use a small amount of
labeled data to guide the learning process. These approaches
aim to reduce the dependence on expensive labeled datasets
while maintaining high performance.

2.10.4. Transformer Models: Transformer-based models,
initially popularized in natural language processing,
have recently been adapted for video understanding
tasks. Models such as TimeSformer (Bertasius et al., 2021)
leverage self-attention to model both spatial and temporal
relationships in videos. These models have shown promising
results, outperforming traditional CNN-LSTM models in
certain benchmarks. However, transformer models tend
to be computationally expensive, limiting their real-time
applicability.

3. Datasets and Evaluation

The development of large-scale action recognition datasets
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has played a critical role in advancing human action detection
research. Datasets such as UCF-101 (Soomro et al.,, 2012),
HMDB-51 (Kuehne et al., 2011), and Kinetics-400 (Kay et al.,
2017) provide diverse collections of video clips labeled with
various human actions, enabling researchers to train and
evaluate deep learning models effectively. These datasets
include actions ranging from simple gestures like waving to
complex interactions such as playing musical instruments or
engaging in sports. The diversity and size of these datasets
have been crucial in enabling deep learning models to
generalize across different environments, viewing angles,
and lighting conditions.

Evaluation of human action detection models typically
involves metrics such as accuracy, precision, recall, and F1-
score. Confusion matrices are often used to visualize the
performance of the model across different action classes,
highlighting areas where the model may struggle, such as
distinguishing between similar actions (e.g., clapping vs.
waving).

3.1. Challenges and Future Directions

While deep learning has brought significant improvements to
human action detection, several challenges remain:

Real-Time Performance: Many deep learning models,
particularly those involving 3D CNNs and transformer-based
architectures, require substantial computational resources,
making them difficult to deploy in real-time applications.
Techniques such as model compression, quantization, and
hardware acceleration are areas of active research aimed at
addressing this limitation.

Generalization Across Domains: Models trained on specific
datasets may struggle to generalize across different domains,
such as when the lighting, camera angles, or backgrounds
differ from the training data. Domain adaptation techniques,
which allow models to transfer knowledge from one domain
to another, are a promising solution to this issue.

Multi-Modal Fusion: Future research is likely to explore the
fusion of multiple modalities, such as depth data, audio, and

158



Neural Horizons: The Uncharted Future of Deep Learning

sensor data, alongside RGB frames to improve the robustness
of action detection systems. Multi-modal learning can
provide additional context for recognizing complex actions,
particularly in noisy or ambiguous scenarios.

4. Methodology

The methodology underpinning human action detection
using image data in this approach is based on a hybrid deep
learning model that leveries from the combination of CNNs
and LSTMs. Specifically, the former plays an important role
in the extraction of spatial features from frames over time
in the image sequence, while the latter models the temporal
interrelations of those frames toward recognizing temporal
evolutions of the respective actions.

4.1. Dataset

For this, we use a publicly available dataset of human action
recognition such as UCF-101 or Kinetics-400 that contains
video clips with various human actions annotated. This
dataset would be divided into training, validation, and testing
sets to make sure that the model is evaluated on unseen data
to assess the generalization performance.

4.2. Preprocessing

Video input data is preprocessed into frames extracted
at regular intervals. Each frame is then resized to a fixed
resolution and normalised to provide uniformity in the
dataset. For that, further augmenting can be performed by
randomly cropping, flipping, and rotating videos to make the
model more robust to avoid overfitting.

4.3. Model Architecture:

CNN Module: Employ a pre-trained CNN, such as ResNet-50
to extract the spatial feature of every frame. The output from
the CNN will be a feature map, which is basically an image
showing the spatial characteristics.

LSTM Module: The sequence of feature maps obtained from
consecutive frames is fed to an LSTM network. This LSTM
network models the temporal dependencies between frames.
Each of these hidden states in the LSTM outlines the evolution
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of the motion pattern across the image sequence.

Classification Layer: The final output from the LSTM network
is fed into a fully connected layer followed by a softmax
activation function that predicts the action class.

4.4. Training

The model is trained on a categorical cross-entropy loss
because this is a multi-class classification task. Weight updates
are done using the Adam optimizer, which, by default,
employs a learning rate scheduler to vary the learning rates
during training. This can also include regularization, like
dropout, that prevents overfitting.

4.5. Evaluation Metrics

The model has been evaluated based on the performance by
accuracy, precision, recall, and F1-score of individual action
classes. Confusion matrices have also been drawn to visualize
the performance for individual action classes.

4.6. Results

The hybrid CNN-LSTM model has been trained on the UCF-
101 dataset in this work, while test results were evaluated. It
was observed to yield an overall accuracy of 85%, in which
actions with distinguished motion, such as jumping or
running, had higher accuracies, while the actions regarded
as somewhat ambiguous, such as sitting or waving, gave
slightly lower accuracy.

The confusion matrix presented showed that this model
was unable to differentiate the similar spatial patterns of
various activities which differ temporally. Actions such as
clapping and waving involve similar hand motions, and a
few misclassifications were there. However, despite that,
the model performance stands far superior to the traditional
methods using SVM combined with handcrafted features by
a margin of 10% over its overall accuracy.

Besides, LSTM networks working with this model gave it
the power to learn long-term dependencies of the video
sequences, hence improving the recognition performance
for complex actions which unfold over several frames. These
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results have shown how CNNs with LSTMs combine in
effectively detecting human actions, especially in cases where
both spatial and temporal information is crucial.

Conclusion

This paper proposes a deep learning-based approach for
detecting human actions by combining CNNs with LSTMs.
Such a hybrid model effectively captures the spatial and
temporal aspects of human actions from image sequences,
leading to high accuracy on standard benchmarks. First,
deep learning algorithms have relieved this approach from
explicitly extracting features. Besides, it allows the model to
generalize to a large number of possible actions.

Besides such promising results, the work described here
points to several avenues of future improvements. The
existing approach does not perturb from large labeled data
for training. This might be addressed by considering semi-
supervised or unsupervised learning techniques. Further
improvements may focus on more advanced temporal
modeling techniques, like attention mechanisms, which
have proved to enlarge the capability of a model to capture
long-range dependencies significantly. Finally, practical
applications would require the model to operate in real-time,
and thus optimization techniques are needed such that the
computation is easier than the model itself.

In the end, human action detection research is still one of
the most challenging but exciting fields with huge practical
implications. With the continuous improvement of deep
learning techniques, the future prospects in action recognition
systems achieve more remarkable accuracy and speed,
which also opens new horizons for intelligent surveillance,
healthcare, and interactive applications.

References

Bertasius, G., Wang, H., & Torresani, L. (2021). Is space-
time attention all you need for video understanding? Proceedings
of the International Conference on Machine Learning (ICML).

161



Neural Horizons: The Uncharted Future of Deep Learning

Dalal, N., & Triggs, B. (2005). Histograms of oriented
gradients for human detection. Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), 886-893.

Donahue, J., Hendricks, L. A., Guadarrama, S., Rohrbach,
M., Venugopalan, S., Saenko, K., & Darrell, T. (2015). Long-
term recurrent convolutional networks for visual recognition
and description. Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), 2625-2634.

Horn, B. K., & Schunck, B. G. (1981). Determining optical
flow. Artificial Intelligence, 17(1-3), 185-203.

Ji, S, Xu, W., Yang, M., & Yu, K. (2013). 3D convolutional
neural networks for human actionrecognition. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 35(1), 221-231.

Krizhevsky, A., Sutskever, I, & Hinton, G. E. (2012).
Imagenet classification with deep convolutional neural
networks. Advances in Neural Information Processing Systems, 25,
1097-1105.

Laptev, L. (2005). On space-time interest points. [nternational
Journal of Computer Vision, 64(2-3), 107-123.

Simonyan, K. & Zisserman, A. (2014). Two-stream
convolutional networks for action recognition in videos.
Advances in Neural Information Processing Systems, 27, 568-576.

Soomro, K., Zamir, A. R., & Shah, M. (2012). UCF101: A
dataset of 101 human actions classes from videos in the wild.
arXiv preprint arXiv:1212.0402.

Wang, L., Xiong, Y., Wang, Z., Qiao, Y., Lin, D., Tang, X,,
& Van Gool, L. (2016). Temporal segment networks: Towards
good practices for deep action recognition. Proceedings of the
European Conference on Computer Vision (ECCV), 20-36.

Wang, Z., Xu, J., Yu, L., Wang, W., Zhao, P., & Cheng,
J. (2018). Spatio-temporal attention networks for action

recognition and detection. IEEE Transactions on Multimedia,
21(8), 2025-2038.

162



