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Abstract- This paper presents a comprehensive review of deep learning techniques designed to enhance violence detection in

surveillance systems. With the rapid advancement of surveillance technologies, the accurate identification of violent activities

has become crucial for ensuring public safety. Conventional approaches often fail to cope with the complexity of video data,

which inherently involves both spatial and temporal dynamics. To overcome these limitations, modern deep learning models such

as Convolutional Neural Networks (CNNs), InceptionV3, Long Short-Term Memory (LSTM) networks, and hybrid architectures

have been widely adopted. These methods excel at capturing spatial representations while simultaneously modeling temporal

dependencies, making them well-suited for real-time violence detection tasks. The review further discusses essential

preprocessing strategies—including noise reduction, feature extraction, and data augmentation—that significantly improve

model robustness. In addition, it outlines persistent challenges such as class imbalance, scalability issues, and high computational

costs, which remain key barriers to practical deployment.
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I. INTRODUCTION

In today’s increasingly urbanized and interconnected world,
ensuring the protection and security of the public has become
more critical than ever. With rising concerns over violent
incidents in public spaces, the demand for effective and
efficient surveillance systems has grown significantly.
Traditionally, surveillance video monitoring has been
performed by human operators—a process that is both time-
consuming and prone to error. However, rapid advancements in
artificial intelligence (Al) and machine learning (ML) have
created opportunities to automate real-time detection and
recognition of violent behaviors, significantly enhancing the
capabilities of modern surveillance systems.

Violence recognition using ML is an emerging and rapidly
expanding research field. Its primary goal is to develop
algorithms capable of accurately identifying and categorizing
violent behaviors from visual data. Such recognition
encompasses a wide range of harmful or aggressive activities,
including physical assaults, altercations, and other violent acts
that may occur in both public and private environments. Unlike
object or face recognition, violence detection requires systems
to interpret dynamic, subtle, and often context-dependent cues
that distinguish normal from violent activities. This challenge
is further complicated by varying lighting conditions,

occlusions, diverse backgrounds, and the presence of multiple
individuals—all of which can affect recognition accuracy.

Early efforts in violence recognition relied heavily on
conventional ML techniques such as support vector machines
(SVMs), decision trees, and k-nearest neighbors (KNN). These
approaches required manual feature engineering, using motion
patterns or spatiotemporal descriptors to train the models.
While they achieved modest success, their dependence on
handcrafted features limited their ability to generalize to
complex real-world data, often resulting in poor robustness and
scalability.

The introduction of deep learning fundamentally transformed
the field. Models such as convolutional neural networks
(CNNs) and recurrent neural networks (RNNs) demonstrated
superior performance in learning complex patterns directly
from raw data, eliminating the need for manual feature
extraction. These models more effectively capture the nuanced
characteristics of violent behaviors, leading to more reliable
and accurate recognition. Furthermore, advanced architectures
such as long short-term memory (LSTM) networks and
attention mechanisms have improved the ability to model
temporal dependencies and contextual relationships, which are
essential for distinguishing violent from non-violent activities.
Despite these advancements, violence recognition remains a
challenging problem. One of the most pressing issues is the
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availability of large, high-quality annotated datasets. The
collection and labeling of violent scenarios is not only resource-
intensive but also fraught with ethical concerns. Moreover,
ensuring generalizability across diverse environments further
complicates model training. Overcoming these challenges
requires both advanced algorithms and innovative data
collection and augmentation strategies.

Evaluation is another critical component of violence
recognition research. While common metrics such as accuracy,
precision, recall, and Fl-score are frequently used, they may
not fully capture system performance due to the imbalanced
nature of violence datasets, where violent events are relatively
rare. More robust evaluation strategies often include the area
under the ROC curve (AUC-ROC), the area under the
precision-recall curve (AUC-PR), and the Matthews correlation
coefficient (MCC). Additionally, cross-validation and testing
across heterogeneous datasets are necessary to ensure the
robustness and generalizability of proposed systems.

Recent research also explores multimodal approaches to
improve violence detection. Although most systems rely solely
on visual data, integrating complementary modalities such as
audio, depth, or infrared sensing can provide richer contextual
understanding. For example, combining audio and video can
help differentiate between similar-looking behaviors, such as
an argument versus a physical altercation, by analyzing
associated sound cues. Depth sensors further enhance spatial
awareness, improving the system’s ability to interpret complex
interactions. These multimodal strategies are particularly
valuable in challenging scenarios where visual information
alone may be insufficient.

Despite the progress achieved, several open challenges remain.
Real-time processing is essential for practical deployment,
requiring algorithms optimized for both computational
efficiency and hardware performance. Ethical considerations
are equally important, particularly regarding privacy and the
risk of misuse. To gain public trust and prevent unintended
consequences, violence recognition systems must be developed
and deployed with transparency, fairness, and accountability.

II. REVIEW OF LITERATURE

Research on violent media, surveillance, and automated
detection spans diverse domains, ranging from entertainment
studies to real-time security applications. A series of studies
have investigated how violence is portrayed and how it impacts
audiences, while others have focused on technical
advancements in machine learning and deep learning for
automated violence detection.

Early studies emphasized the representation of violence in
media platforms. For instance, a large-scale content analysis of
2,520 YouTube videos compared amateur and professional

productions across categories of popularity, user ratings, and
random sampling [1]. The findings indicated that violent
content on YouTube, although diverse in context, was less
normalized and more grounded in real-world implications than
television violence, often appearing in more frightening
circumstances. Related research highlighted the importance of
monitoring content accessible to children. Given the growing
use of YouTube among toddlers, studies examined the
cognitive, emotional, and social development effects of video
content [2].

While physical violence appeared less frequently, high levels
of emotional distress were observed, suggesting that prosocial
behaviors and emotional awareness are more beneficial for
child development than exposure to aggression.

With rising concerns about public safety, surveillance
technologies have become critical in detecting violent
behaviors. Traditional surveillance relies on human operators,
but human fatigue and error limit effectiveness. Automated
methods using ML and DL enable real-time recognition of
suspicious actions in both video and image data [3]. Techniques
such as VD-Net (Violence Detection Network) integrate loT-
enabled lightweight architectures (ST-TCN blocks, bottleneck
layers) to identify hostile actions, achieving 1-4% higher
accuracy than existing systems [4].

The social dimensions of violence have also been explored.
During the COVID-19 pandemic, the normalization of dating
violence on platforms like TikTok gained attention. Studies
examined trends such as the “pretend to punch your girlfriend”
fad, assessing how young audiences interpret violent dating
scenarios and how such exposure reshapes perceptions of
relationship equality [5]. Similarly, computational analysis of
dissident interviews revealed that responses to governmental
repression often dictate violent or non-violent resistance [6].
These findings underscore the complex relationship between
violence, political behavior, and social context.

Advances in technical approaches to aggression detection have
greatly influenced surveillance systems. For example, real-time
frameworks utilizing Spatial Motion Extractors (SME), Short
Temporal Extractors (STE), and Global Temporal Extractors
(GTE) demonstrated strong performance across datasets such
as RWF-2000, Hockey, and the Peruvian VioPeru dataset [7].
Other novel techniques, including Angle-level Co-occurrence
Matrices (ALCM) for spatiotemporal video modeling, provided
superior results over state-of-the-art video violence detection
methods [8].

Meanwhile, media analyses continue to highlight depictions of
violence across different formats. A study of 765 primetime
television episodes revealed that although violence in
children’s programming has decreased over two decades, it still
surpasses adult programming and is often sanitized or
trivialized [9]. Similarly, analysis of 540 violent news reports
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linked the prevalence of violent coverage with societal violence
trends, shaped in part by media framing and journalist practices
[10]. The portrayal of violence against marginalized groups has
also been examined: one study analyzed 316 news articles
covering transgender fatalities in the U.S., highlighting how
language choices can perpetuate harmful stereotypes or support
inclusive narratives [11].

Finally, technical research continues to push toward real-time
violent event detection in surveillance. Using Deep Recurrent
Neural Networks (DRNN) and spatiotemporal (ST)
classification, systems trained on the UCF-Crime dataset
achieved high performance, with reported accuracy of 98%,
precision of 96%, recall of 80%, and F1-score of 78% [12].
These advances illustrate how deep learning models can
effectively detect anomalies and violent behaviors in large-
scale, real-world surveillance scenarios.

A key challenge in content moderation is balancing safety with
the psychological well-being of human moderators. Manual
screening often exposes moderators to graphic material,
leading to severe emotional and psychological consequences.
To address this, researchers proposed a machine learning
algorithm that automatically classifies videos as violent or non-
violent using both aural and visual cues [13]. The system begins
by separating audio and video streams, applying an intelligent
audio classifier to distinguish between high- and low-intensity
sounds. These results inform a video classifier, which estimates
the degree of violence based on the associated sound categories.
Beyond content moderation, scholars have examined the online
behaviors of violent extremists. Analysis of right-wing
extremist engagement on Stormfront revealed five categories
of user activity—super-posters, dedicated participants, engaged
individuals, dabblers, and non-posters [14]. This classification
uncovered distinct posting patterns with direct implications for
intelligence and law enforcement agencies. A related study
compared the online activities of violent extremists with those
of ideologically similar but non-violent individuals [15]. The
findings highlighted substantial differences in mobilization,
grievances, and rhetorical framing, which could inform risk
assessment frameworks for detecting serious online threats.

Research has also expanded toward peace and conflict studies,
where video data offers unique opportunities. Video Data
Analysis (VDA) was introduced as a valuable addition to the
peace research methodological toolkit [16]. Unlike traditional
reliance on written or symbolic data, VDA allows researchers
to revisit recorded events, observe subtle interaction dynamics,
and assess body language or facial expressions. This approach
enables the exploration of complex processes such as violence
escalation, mediation, and peacebuilding while also raising
important ethical questions.

In parallel, surveillance research continues to focus on scalable
Al methods for video violence detection. While most efforts

have relied on supervised learning, recent advances explored
semi-supervised reinforcement learning with a hard attention
mechanism [17]. This approach prioritizes key video segments
while filtering irrelevant frames, thereby improving precision
and reducing annotation requirements. Leveraging a pre-
trained 13D backbone, the proposed model achieved state-of-
the-art accuracy—90.4% on the RWF dataset and 98.7% on the
Hockey dataset.

Finally, deep learning architectures have been applied to
automated violence recognition in CCTV footage. Researchers
developed lightweight 3D convolutional networks capable of
modeling spatiotemporal interactions between individuals and
objects [18]. These models demonstrated efficiency with fewer
parameters, robustness against compression artifacts in remote
streaming scenarios, and a 2% accuracy gain compared to
existing approaches. Evaluations across diverse public datasets
confirmed their capacity to detect violent acts in complex, real-
world environments.

III. CONCLUSION

The application of machine learning to violence detection
represents a rapidly advancing field with substantial potential
to enhance public safety and security. Through the integration
of deep learning techniques, systems have achieved notable
progress in accurately recognizing and classifying violent
behaviors. Nevertheless, several challenges remain critical to
the development of robust solutions. These include the limited
availability of high-quality datasets, the need for standardized
and reliable evaluation metrics, and the effective fusion of
multimodal data sources. Addressing these gaps will be
essential for building scalable and dependable violence
detection frameworks. Continued research and methodological
refinement in these areas can significantly strengthen the
effectiveness of automated surveillance systems, thereby
advancing their role in public safety, security management, and
law enforcement applications.
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