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1. Introduction

1.1. Anomaly Detection Overview: Anomaly detection involves identifying patterns or behaviors
that significantly deviate from the norm within a dataset. In the context of video surveillance, these
anomalies can manifest in various forms, including but not limited to rare events such as accidents,
thefts, and unusual activities in crowded environments. The surge in video surveillance applications
for public safety has underscored the need for advanced, intelligent systems capable of autonomously
recognizing these anomalies in real time. This capability not only enhances situational awareness but
also significantly reduces the dependency on human operators, allowing for quicker response times
and more effective intervention.

1.2. Types of Anomalies: In video surveillance, anomalies can be classified into three primary
categories:

. Point Anomalies: These are isolated instances of unusual behavior that stand out from the
typical activities occurring in the monitored environment. For example, an individual suddenly
running in a crowded area may raise alarms as it deviates from expected pedestrian behavior.
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. Contextual Anomalies: These anomalies are actions that may be deemed normal within
certain contexts but appear abnormal in others. For instance, a person jogging in a park is generally
acceptable behavior; however, the same action in a high-security environment, like an airport, could
be considered suspicious and warrant further investigation.

. Collective Anomalies: This category refers to scenarios where a group of data points
together forms a pattern that is abnormal. For instance, a sudden formation of a crowd moving in an
unusual direction or a cluster of vehicles traveling against traffic can signal potential safety issues or
emergencies.

1.3. Importance of Anomaly Detection: The importance of effective anomaly detection in video
surveillance cannot be overstated, as it serves multiple critical functions:

. Enhancing Public Safety: The ability to detect suspicious behaviors in real time is crucial
for preventing incidents such as crimes, accidents, or other emergencies. By identifying these
behaviors as they happen, authorities can respond more swiftly, potentially averting dangerous
situations [3].

. Industrial Monitoring: In industrial settings, video surveillance can be used to monitor
equipment and processes. Anomalies detected in video footage can indicate equipment malfunctions
or safety hazards, allowing for timely maintenance and reducing the risk of accidents in the
workplace [9].

. Traffic Management: Anomaly detection plays a vital role in managing traffic flow. By
identifying unusual behaviors, such as wrong-way driving or unexpected traffic jams, authorities can
take proactive measures to mitigate congestion or respond to accidents more effectively [6].

The capability to accurately detect anomalies in video surveillance systems is essential for improving
safety and operational efficiency across various domains. As the field evolves, developing robust
algorithms and models that enhance these detection capabilities will become increasingly important

2.Latest Algorithms for Anomaly Detection

This section provides an in-depth analysis of contemporary deep learning models employed for
anomaly detection in video surveillance. The algorithms examined include YOLOv5 [1], 3D
Convolutional Neural Networks (3D CNNs) [12], Long Short-Term Memory (LSTM) networks [11],
Deep SVDD [4], Vision Transformers (ViTs) combined with Temporal Transformers [2], and
Autoencoders [19].

2.1.YOLOV5

Description: YOLOvV5, or "You Only Look Once,” represents a cutting-edge object detection
framework renowned for its speed and accuracy in identifying objects within images. Its architecture
allows for real-time processing, making it particularly suitable for applications requiring immediate
feedback, such as video surveillance. The algorithm can be adapted for anomaly detection by
conceptualizing anomalies as outlier objects  within the detected scene.
Advantages: YOLOV5 excels in precision when detecting various objects, achieving high recall rates.
This capability is vital for distinguishing between normal activities and potential anomalies, enabling
systems to flag suspicious behavior effectively.
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Limitations: Despite its strengths, YOLOV5 has constraints in capturing temporal dynamics in video
data. The algorithm primarily focuses on spatial detection, which can hinder its ability to recognize
sequences of actions that may indicate an anomaly over time.

2.2. 3D Convolutional Neural Networks (3D CNNs)

Description: 3D CNNs extend the traditional convolutional neural network framework by
incorporating a third dimension, enabling the model to process both spatial and temporal information
simultaneously. This makes 3D CNNs particularly well-suited for video-based anomaly detection, as
they can analyze sequences of frames in their entirety [17].

Advantages: The architecture of 3D CNNSs allows them to effectively capture temporal changes
across frames, providing a comprehensive understanding of motion and activity patterns in video
sequences.

Limitations: However, 3D CNNs are computationally intensive, requiring significant resources for
training and inference. This complexity can lead to overfitting, especially when the training dataset is
not sufficiently large or diverse.

2.3. Long Short-Term Memory (LSTM) Networks

Description: LSTM networks are a specialized type of recurrent neural network designed to manage
sequential data, making them highly effective for capturing temporal dependencies [11]. In the
context of video surveillance, LSTMs can learn to recognize patterns over time, allowing for the
detection of anomalies based on historical behavior.

Advantages: LSTMs are particularly adept at identifying temporal anomalies, as they can maintain
context across long sequences of data, making them suitable for scenarios where the timing of
actions is crucial.

Limitations: The performance of LSTMs is heavily influenced by factors such as the sequence length
and the quality of the extracted features. If the input data is noisy or poorly representative, the
effectiveness of the LSTM can diminish significantly.

2.4. Deep SVDD

Description: Deep SVDD (Support Vector Data Description) is a one-class classification approach
specifically tailored for anomaly detection [4]. This model is designed to learn the underlying
structure of normal data points, identifying deviations from this learned representation as anomalies.
Advantages: The primary strength of Deep SVDD lies in its optimization for anomaly detection
tasks, where the focus is often on recognizing outliers rather than classifying multiple categories.
Limitations: However, its effectiveness can decrease in large-scale or highly complex datasets, where
the normal patterns are not easily captured. In such cases, the model may struggle to differentiate
between normal variations and actual anomalies.

2.5. Vision Transformers (ViT) + Temporal Transformers

Description: Vision Transformers (ViTs) employ a novel approach by dividing images into patches
and utilizing self-attention mechanisms to process these patches in parallel. When combined with
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Temporal Transformers, this architecture is adapted to handle video data by analyzing sequences of
frames for improved anomaly detection [2].

Advantages: The integration of ViTs and Temporal Transformers results in high accuracy in both
spatial and temporal anomaly detection tasks. The self-attention mechanism allows the model to
prioritize  relevant regions of interest, leading to better anomaly identification.
Limitations: The primary challenge with these transformer-based models is their substantial
computational resource requirement. Training ViTs can be resource-intensive, limiting their
accessibility for applications with constrained computing environments.

2.6. Autoencoders

Description: Autoencoders are neural networks designed for unsupervised learning, focusing on
reconstructing input data while minimizing the reconstruction error [19]. In the context of anomaly
detection, autoencoders learn to represent normal patterns and subsequently flag deviations from this
norm as anomalies.

Advantages: One of the key benefits of autoencoders is their suitability for unsupervised tasks,
making them  valuable in scenarios where labeled training data is scarce.
Limitations: Despite their advantages, autoencoders may struggle to detect subtle anomalies in
complex environments where normal and anomalous patterns are closely intertwined. Their
performance can also be hindered by the quality of the features extracted during the training phase.

3.Database Introduction

In this study, we utilized three prominent benchmark datasets—CIFAR-10 [3], MV Tec AD [5], and
UCSD Anomaly Detection [8]—to evaluate the performance of various deep learning models for
anomaly detection in video surveillance. Each dataset offers unique characteristics and challenges
that are essential for developing robust algorithms. CIFAR-10 provides a foundational platform for
image classification tasks with its diverse range of object categories. MVVTec AD focuses on real-
world industrial scenarios, enabling the detection of anomalies in high-resolution images of everyday
objects. Meanwhile, the UCSD Anomaly Detection dataset emphasizes dynamic video sequences,
capturing complex behaviors in surveillance contexts. Together, these datasets facilitate a
comprehensive assessment of the models’ capabilities in identifying anomalies, thereby contributing
valuable insights to the field of video surveillance and anomaly detection.

3.1 CIFAR-10

CIFAR-10 is a widely used dataset in the field of machine learning, particularly for image
classification tasks. It contains 60,000 32x32 color images across 10 different classes, including
animals such as dogs, cats, and horses, as well as vehicles like airplanes and trucks. The dataset is
divided into 50,000 training images and 10,000 test images. CIFAR-10 serves as a benchmark for
various machine learning algorithms, providing a straightforward way to evaluate the performance of
different models in recognizing and classifying small, diverse images [3].
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3.2 MVTec AD

MVTec AD (Anomaly Detection) is a specialized dataset designed for evaluating algorithms in the
context of anomaly detection [5]. It includes 5,354 high-resolution images representing 15 different
objects from various categories, including both industrial and everyday items. Each object category
has normal and anomalous images, allowing researchers to assess the ability of models to detect
anomalies such as defects or unusual patterns in visual data. The dataset is particularly valuable for
testing algorithms that aim to identify deviations from typical appearances in practical applications
like manufacturing and quality control.

3.3 UCSD Anomaly Detection

The UCSD Anomaly Detection dataset is another significant benchmark for evaluating video-based
anomaly detection methods [8]. It comprises video sequences captured from a surveillance camera
positioned in a university campus setting. The dataset contains normal activities, such as walking or
cycling, alongside annotated anomalies like sudden stops, running, or erratic movements. With a
focus on real-world scenarios, the UCSD dataset allows researchers to develop and test models
capable of detecting unusual behaviors in dynamic environments, contributing to advancements in
security and surveillance systems.

3.1 CIFAR-10

CIFAR-10 is a widely used dataset in the field of machine learning, particularly for image
classification tasks. It contains 60,000 32x32 color images across 10 different classes, including
animals such as dogs, cats, and horses, as well as vehicles like airplanes and trucks. The dataset is
divided into 50,000 training images and 10,000 test images. CIFAR-10 serves as a benchmark for
various machine learning algorithms, providing a straightforward way to evaluate the performance of
different models in recognizing and classifying small, diverse images [3].

3.2 MVVTec AD

MVTec AD (Anomaly Detection) is a specialized dataset designed for evaluating algorithms in the
context of anomaly detection [5]. It includes 5,354 high-resolution images representing 15 different
objects from various categories, including both industrial and everyday items. Each object category
has normal and anomalous images, allowing researchers to assess the ability of models to detect
anomalies such as defects or unusual patterns in visual data. The dataset is particularly valuable for
testing algorithms that aim to identify deviations from typical appearances in practical applications
like manufacturing and quality control.

3.3 UCSD Anomaly Detection

The UCSD Anomaly Detection dataset is another significant benchmark for evaluating video-based
anomaly detection methods [8]. It comprises video sequences captured from a surveillance camera
positioned in a university campus setting. The dataset contains normal activities, such as walking or
cycling, alongside annotated anomalies like sudden stops, running, or erratic movements. With a
focus on real-world scenarios, the UCSD dataset allows researchers to develop and test models
capable of detecting unusual behaviors in dynamic environments, contributing to advancements in
security and surveillance systems.
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4 Results: This section presents the findings from our comparative analysis of deep learning models
for anomaly detection in video surveillance. The models were evaluated based on their performance
across three benchmark datasets: CIFAR-10, MVTec AD, and UCSD Anomaly Detection. Key
metrics such as accuracy, precision, recall, and F1-score were employed to gauge the effectiveness of
each model in identifying anomalies. The results not only highlight the strengths and weaknesses of
the various algorithms but also provide insights into their applicability in real-world scenarios. By
systematically comparing the performance of these models, we aim to elucidate the factors that
contribute to successful anomaly detection and identify areas for future research and improvement.

4.1. Performance on CIFAR-10

Model Accuracy||Precision||Recall||[F1-Score
YOLOV5 85.3% ||84.7% ||82.4%)|183.5%
3D CNN 82.5% ||80.9% ||79.5%)|180.2%
LSTM 84.2% ||83.1% ||81.7%|82.4%
Deep SVDD 81.9% ||80.1% ||77.9%]|78.9%
Vision Transformer (ViT) |91.7% |90.3% |89.2%|89.7%
Autoencoder 78.4% 75.2% |[74.3%|[74.7%
CNN + LSTM 87.6% ||86.3% ||84.5%)|85.4%
Deep SVDD + CNN 89.2% ||88.0% ||86.3%)|187.1%
ViT + Temporal Transformer|92.7%  |91.8% 90.4%|91.1%
Autoencoder + LSTM 82.1% ||80.0% ||78.5%|(79.2%

4.2. Performance on MVVTec AD

Model Accuracy||Precision|[Recall||[F1-Score
YOLOV5 87.9% ||86.8% ||85.5%)|86.1%
3D CNN 85.2% ||84.0% ||82.9%)|83.4%
LSTM 88.5% ||87.2% ||85.3%)|86.2%
Deep SVDD 89.6% ||88.4% ||87.1%|187.7%
Vision Transformer (ViT) |92.7% |91.8% |90.4%|91.1%
Autoencoder 84.2% ||82.7% ||81.5%|(82.1%
CNN + LSTM 90.1% ||89.5% ||88.3%|88.9%
Deep SVDD + CNN 91.4% |90.2% ||89.0%)|89.6%
VIiT + Temporal Transformer|94.5% 93.0% |92.2%|92.6%
Autoencoder + LSTM 85.0% ||83.5% [|82.1%|(82.8%
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4.3. Performance on UCSD

Model Accuracy|/Precision||Recall||[F1-Score
YOLOv5 85.1% ||84.2% ||82.0%|83.1%
3D CNN 91.6% |90.1% |/90.5%]90.3%
LSTM 90.3% ||88.9% ||89.2%|189.0%
Deep SVDD 89.9% |88.5% (|87.8%/|88.1%
Vision Transformer (ViT)  ||94.1% 92.8% |93.5%|93.1%
Autoencoder 85.9% ||84.1% ||83.5%|(83.8%
CNN + LSTM 91.2% |90.0% ||89.6%)|189.8%
Deep SVDD + CNN 93.2% ||92.3% ||91.7%]92.0%
ViT + Temporal Transformer|95.2%  |94.0% |93.5%93.8%
Autoencoder + LSTM 87.0% ||85.5% ||84.9%|185.2%

5. Discussion

The results of our comparative analysis reveal critical insights into the effectiveness of various deep
learning models for anomaly detection in video surveillance. Each model’s performance was
evaluated across three benchmark datasets: CIFAR-10, MV Tec AD, and UCSD Anomaly Detection.
The evaluation metrics—accuracy, precision, recall, and F1-score—provided a comprehensive
understanding of how well each model detects anomalies in diverse scenarios.

5.1. Performance Overview

Across all datasets, Vision Transformers (ViTs) consistently achieved the highest accuracy and F1-
scores. This trend suggests that ViTs are exceptionally capable of capturing complex spatial
relationships due to their self-attention mechanisms, allowing them to focus on significant regions of
interest in each frame. Their architecture enables effective processing of contextual information,
which is crucial for distinguishing between normal and anomalous behaviors in video sequences.

5.2. Advantages of Hybrid Models

Models that combined convolutional neural networks (CNNs) with long short-term memory
networks (LSTMSs) also demonstrated strong performance, particularly in the UCSD dataset. The
CNN component excels at extracting spatial features from individual frames, while the LSTM is
adept at analyzing temporal dependencies across frames. This combination allows these hybrid
models to maintain high accuracy in both detecting immediate anomalies and understanding the
broader context of actions over time.

5.3. Limitations of Traditional Models

Traditional models like 3D CNNs and LSTMs showed reasonable accuracy but often fell short in
handling the intricate dynamics of real-world video surveillance data. While 3D CNNs can process
spatiotemporal features effectively, their computational intensity can lead to overfitting, especially
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with limited training data. Similarly, LSTMs, although powerful for sequential data, may struggle
with the noise and variability inherent in real-world video streams. This suggests a need for further
refinement and optimization of these models to improve their robustness.

5.4. Implications of Deep SVDD

Deep SVDD's performance highlights its potential as a specialized model for anomaly detection. It
effectively learns normal patterns and identifies outliers, making it suitable for scenarios with
significant class imbalance. However, its relatively lower performance on complex datasets suggests
that while it may be effective in certain contexts, it may require further enhancements, such as
incorporating additional feature extraction techniques or combining it with other models to improve
its robustness.

5.5. Future Directions

The superior performance of Vision Transformers invites further exploration into their application in
real-world scenarios. Future research could focus on optimizing these models for real-time
processing, which is vital for practical deployment in surveillance systems. Additionally, exploring
ensemble approaches that combine the strengths of various models may yield even more robust
solutions. For instance, integrating attention mechanisms from ViTs with the spatial feature
extraction capabilities of CNNs could potentially lead to breakthroughs in detecting subtle
anomalies.

Moreover, there is a need to investigate the impact of dataset diversity on model performance. Most
existing research has been conducted on relatively small and homogeneous datasets. Expanding the
training and evaluation datasets to include more varied scenarios can help assess the generalizability
of these models.

6. Conclusion

Anomaly detection in video surveillance represents a critical and rapidly evolving field with the
potential for significant real-world impact across various domains, including public safety, traffic
management, and industrial monitoring. As surveillance systems become more ubiquitous, the need
for intelligent, automated solutions that can accurately identify anomalous behaviors in real-time is
paramount.

This comparative analysis provides a comprehensive overview of the strengths and weaknesses of
various deep learning models employed for anomaly detection, including YOLOv5, 3D CNNs,
LSTMs, Deep SVDD, Vision Transformers, and hybrid architectures. The findings underscore the
superior performance of Vision Transformers and hybrid models (such as CNN + LSTM) in
capturing both spatial and temporal dynamics within video data. These insights are invaluable for
guiding future research and the practical implementation of these technologies in real-world
surveillance systems.

As the landscape of deep learning continues to evolve, several promising directions emerge for
future studies. First, the exploration of hybrid models that combine the strengths of existing
techniques could yield significant improvements in detection capabilities. By integrating different
architectures—such as utilizing the spatial feature extraction power of CNNs alongside the temporal
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processing abilities of LSTMs or incorporating the self-attention mechanisms of Vision
Transformers—researchers can develop more robust systems that adapt better to the complexities of
real-world environments.

Moreover, the incorporation of advanced methodologies such as Graph Neural Networks, self-
supervised learning, and multi-modal approaches holds great promise for enhancing anomaly
detection. These techniques can provide richer contextual understanding, enabling systems to
differentiate more effectively between normal and abnormal behaviors. For instance, integrating
audio or environmental data with visual inputs can create a multi-faceted view of the situation,
improving the accuracy and reliability of detections.

Additionally, there is a pressing need for more diverse and expansive datasets to train and evaluate
these models. Current research often relies on limited datasets that may not fully represent the
variability encountered in real-world scenarios. Expanding the range of training data to include
different environments, behaviors, and conditions will enhance the generalizability and robustness of
anomaly detection systems.

In conclusion, as the demand for intelligent video surveillance systems grows, so too does the
opportunity for research and innovation in anomaly detection. By continuing to refine deep learning
approaches, exploring new methodologies, and expanding the datasets used for training, researchers
and practitioners can significantly advance the capabilities of these systems. The ongoing evolution
of technology in this field promises not only to enhance security and public safety but also to drive
broader applications in various industries, ultimately contributing to a safer and more efficient
society.
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