Master of Science in Computer Science and Engineering

S?

VIOLENCE DETECTION IN VIDEOS USING
DEEP LEARNING

by

Md. Al-Mamun Provath
ID: 22MCSE004P

This thesis is submitted in partial fulfillment of the requirement for the degree of
MASTER OF SCIENCE IN COMPUTER SCIENCE AND ENGINEERING

Department of Computer Science and Engineering
Chittagong University of Engineering and Technology
Chattogram-4349, Bangladesh.

April, 2025


https://omar-sharif03.github.io

CERTIFICATION

The thesis titled VIOLENCE DETECTION IN VIDEOS USING DEEP
LEARNING submitted by Md. Al-Mamun Provath, Roll No. 22MCSE004P
, Session 2022-2023 has been accepted as satisfactory in partial fulfilment of the
requirement for the degree of Master of Science in Computer Science and
Engineering on 29/04/2025.

BOARD OF EXAMINERS

1.
Prof Dr. Kaushik Deb Chairman (Supervisor)
Professor

Department of Computer Science and Engineering

Chittagong University of Engineering & Technology (CUET).

2.
Prof. Dr. Abu Hasnat Mohammad Ashfak Habib Member (Ex-officio)
Professor and Head

Department of Computer Science and Engineering

Chittagong University of Engineering & Technology (CUET).

3.
Prof. Dr. Mohammad Ibrahim Khan Member
Professor

Department of Computer Science and Engineering

Chittagong University of Engineering & Technology (CUET).

4.
Prof. Dr.Pranab Kumar Dhar Member
Professor

Department of Computer Science and Engineering

Chittagong University of Engineering & Technology (CUET).

5.
Prof. Dr. Boshir Ahmed Member (External)
Professor

Department of Computer Science and Engineering

Rajshahi University of Engineering & Technology (RUET).




CANDIDATE’S DECLARATION

It is hereby declared that this thesis or any part of it has not been submitted
elsewhere for the award of any degree or diploma.

Signature of the Candidate

Md. Al-Mamun Provath
ID: 22MCSE004P



Dedicated to,
my beloved parents and elder brother
for their love, endless support, encouragement and sacrifices.



Acknowledgment

My unending gratitude to my thesis support team whose unwavering support and
inspiration were key to bring my thesis to this stage. Celebrating this milestone
would have no meaning without acknowledging the best people in the world who
stood beside me in this journey.

It is with great appreciation that I first acknowledge my supervisor, Prof.
Dr. Kaushik Deb, whose profound knowledge, expert guidance, constructive
feedback, and unwavering encouragement were pivotal in shaping this research.
His mentorship served as an invaluable beacon throughout this academic journey.
[ am also deeply thankful to the members of the review panel for their thoughtful
insights and suggestions, which played a crucial role in refining this work.

Additionally, I extend my sincere gratitude to all the faculty members and
staffs of the Department of Computer Science and Engineering at CUET for
their consistent support and the resources they provided. A heartfelt thank you
also goes to my fellow cohort members and friends—your companionship and
encouragement were essential in navigating this challenging yet rewarding path.

Above all, I am profoundly grateful to Almighty Allah for bestowing upon me

the strength and perseverance needed to bring this thesis to its completion.



Abstract

Video violence detection is a critical tool for enhancing public safety in smart
cities, particularly in managing the rising tide of political violence. Current
datasets and conventional methods often fail to address the intricate nature of
political violence, resulting in models that lack robustness and precision. To
overcome these limitations, this study introduces a novel approach by creating
a specialized dataset tailored to political violence, consisting of 480 meticulously
labeled video clips spanning four distinct categories: Normal, Clash, Fire, and
Shooting. This dataset offers a comprehensive resource for understanding politi-
cal violence dynamics and serves as a vital benchmark for advancing research in
this domain. We fine-tuned the Mobile Video Network (MoViNet-A0), achiev-
ing an impressive accuracy of 92.86% with a lightweight architecture of 1.904
million parameters, making it suitable for real-time applications. Additionally,
we developed a custom keyframe extraction algorithm that integrates temporal
and pixel-level features, enhancing stability and accuracy in identifying critical
frames. Our methodology outperforms state-of-the-art techniques across multiple
benchmark datasets, including Hockey Fight (98%), RLVS (98.3%), RWF-2000
(88.12%), and Surveillance Camera Fight (84%). These advancements highlight
the system’s potential to strengthen security measures, inform policy decisions,
and provide a scalable solution for detecting and classifying political violence in
video surveillance, ultimately contributing to safer urban environments.
Keywords: Video surveillance, Video violence, Keyframe extraction, Secu-

rity, Deep learning.
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Chapter 1

Introduction

1.1 Introduction

Video violence classification involves the automated identification and categoriza-
tion of violent activities within video footage, a critical capability for enhancing
public safety in cities. This process leverages advanced computational techniques
to analyze video data from sources like CCTV cameras, enabling real-time de-
tection and response to incidents such as physical altercations, armed conflicts,
and political violence. By employing deep learning models, video violence clas-
sification systems can extract complex spatiotemporal features, surpassing the

limitations of traditional manual monitoring and feature-based methods.

1.2 Video Classification

Video classification entails assigning predefined labels to video sequences based
on their content, a task that has gained prominence with the proliferation of
surveillance systems. In the context of violence detection, this involves distin-
guishing between violent and non-violent behaviors using datasets that represent
diverse scenarios. The United Nations Office on Drugs and Crime highlights the
scale of this issue, reporting nearly 500,000 homicides globally in 2017, under-
scoring the need for effective classification tools. With an estimated 770 million
surveillance cameras worldwide by 2019, the volume of video data necessitates

automated solutions to process and classify content efficiently.
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1.3 Motivation

The surge in political unrest across the globe has significantly fueled the mo-
tivation for advancing video violence classification, Figure 1.1[1]. As protests,
clashes, and politically motivated conflicts become more frequent, the need for
effective tools to monitor and manage these incidents has intensified. This rise in
unrest, often documented in global crime statistics such as those from the United
Nations Office on Drugs and Crime [2], underscores the urgency to develop au-
tomated systems capable of identifying and categorizing violent behaviors in real
time, particularly in urban environments where political tensions can escalate

rapidly.

Figure 1.1: Monitoring CCTV cameras in real-life .

Compounding this need is the sheer volume of video footage generated by
modern surveillance infrastructure, with an estimated 770 million cameras op-
erational worldwide as of 2019 [3]. This overwhelming amount of data renders
continuous monitoring by human operators impossible, leading to significant scal-
ability issues. Human limitations, such as fatigue and distraction, further exac-
erbate the problem, as operators frequently miss critical events [4], highlighting
the necessity for automated classification systems that can process and analyze
video streams efficiently and reliably.

Moreover, while video surveillance systems are widely deployed, they are
rarely utilized proactively to prevent criminal activities, despite a strong desire to
reduce reaction times to violent incidents. In politically volatile contexts, where
rapid response can mitigate escalation and harm, this gap becomes particularly

pronounced. The push for automated video violence classification is thus a criti-
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cal research focus, aiming to transform passive monitoring into an active tool for
intervention, enabling authorities to act swiftly and decisively to maintain public

safety. Our major motivation to work in this area are,

o To create a system that detects and classifies video content exhibiting vio-

lence threatening public safety, social stability, and urban security.

o If we can identify violent video sequences and pinpoint specific types of vi-
olence, it will empower law enforcement to locate perpetrators and prevent

escalation.

e Such a system will improve the safety and reliability of surveillance in smart

city environments.

o To build models and datasets that advance the research community and

technology sectors focused on video analysis and violence detection.

1.4 Objectives

The primary goal of this research is to design an efficient and accurate system for
detecting political violence in video surveillance, overcoming the limitations of

existing datasets and computational methodologies. The specific objectives are:

1. Develop a Comprehensive Dataset: Create a video violence dataset
with 480 labeled video clips across four categories (Normal, Clash, Fire,
Shooting) to address the scarcity of specialized resources for political vio-

lence detection, ensuring robust representation of real-world scenarios.

2. Design an Efficient Keyframe Extraction Algorithm: Design a novel
keyframe extraction algorithm that integrates temporal and pixel-level fea-
tures to improve clustering stability and classification accuracy, enhancing

the system’s ability to identify critical video frames.

3. Optimize and Benchmark a Lightweight Model: Fine-tune the MoViNet-
A0 model to achieve 92.86% accuracy with only 1.904 million parameters,
enabling real-time deployment in resource-constrained smart city environ-
ments, and evaluate the system against benchmark datasets (Hockey Fight,
RLVS, RWF-2000, Surveillance Camera Fight) to demonstrate superior ac-

curacy and generalizability.

These objectives collectively aim to deliver a scalable, high-performance solu-
tion for automated violence detection, advancing public safety and urban security

through intelligent video analysis.
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1.5 Scope of the Work

The scope of this research is strategically delineated to address the pressing need
for automated detection and classification of violence in video surveillance, with a
specific focus on enhancing public safety in smart city environments. This study
concentrates on developing a robust system capable of identifying and catego-
rizing violent incidents within video footage, leveraging advanced deep learning
techniques to overcome the limitations of existing methodologies and datasets.
The research is anchored in the creation of a novel Political Violence Dataset,
comprising 480 meticulously labeled video clips categorized into four distinct
classes: Normal, Clash, Fire, and Shooting. These categories were selected to
encapsulate a comprehensive spectrum of political violence manifestations, re-
flecting the diverse nature of such incidents in real-world scenarios.

The rationale for selecting these four categories is rooted in their prevalence
and significance within the context of political unrest, as well as their distinct
visual and temporal characteristics, which pose unique challenges for automated
detection. The Normal class represents non-violent scenarios, serving as a base-
line to distinguish benign activities from violent ones. The Clash category encom-
passes physical altercations, such as protests or riots, characterized by dynamic
group interactions and aggressive behaviors. The Fire class includes incidents
involving arson or explosions, which are visually distinct due to their intense
illumination and rapid motion patterns. Finally, the Shooting category covers
firearm-related violence, marked by abrupt movements and specific object-based
cues, such as weapons. These categories collectively address the multifaceted na-
ture of political violence, enabling the development of a model that can generalize
across varied violent events while maintaining specificity in classification.

This research further focuses on optimizing computational efficiency to en-
sure real-time applicability, a critical requirement for deployment in resource-
constrained urban surveillance systems. By fine-tuning the lightweight Mobile
Video Network (MoViNet-A0) and designing a custom keyframe extraction algo-
rithm that integrates temporal and pixel-level features, the study aims to achieve
high accuracy with minimal computational overhead. The scope is limited to
video-based analysis, excluding multimodal inputs such as audio or textual data,
to maintain a focused investigation into visual feature extraction and classifica-
tion. The system’s performance is evaluated against both the newly developed
Political Violence Dataset and established benchmark datasets, including Hockey
Fight, RLVS, RWF-2000, and Surveillance Camera Fight, to validate its gener-
alizability and superiority over state-of-the-art methods. Through this targeted
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scope, the research seeks to provide a scalable, efficient, and accurate solution for
automated political violence detection, contributing to enhanced urban security

and informed policy-making.

1.6 Importance

Video violence classification is a critical tool for bolstering safety and security in
urban environments, enabling proactive measures to mitigate risks and protect
lives. Its applications span multiple domains, each contributing to a safer, more

resilient society :

o By monitoring transit areas, the system can detect and respond to violent
incidents swiftly, reducing harm and improving public safety on critical

travel routes.

o Early identification of unrest during political activities allows for timely

interventions, helping to maintain order and prevent escalation.

o Surveillance of key assets like power plants and communication networks
helps thwart politically motivated attacks, ensuring operational continuity

and public welfare.

o With the potential to address violence that claims countless lives, the sys-

tem strengthens security measures, fostering safer urban communities.

1.7 Challenges

Video violence classification faces several obstacles that must be addressed to en-
sure its effectiveness and practicality in real-world settings. These challenges span
technical, environmental, and resource-related domains, each presenting unique
difficulties.

« Non-Stationary Backgrounds: Constantly changing backgrounds make
it harder to extract reliable features, complicating the identification of vi-

olent actions.

e Dynamic Illumination Variations: Fluctuating lighting conditions de-
grade video quality and impair model performance, reducing detection ac-

curacy.
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o Limited Datasets for Political Violence: The lack of accessible, spe-
cialized datasets tailored to political violence slows progress in developing

robust models.

o Computational Efficiency: Achieving a balance between fast training
and inference times is essential for real-time use, yet remains difficult to

optimize.

 Reducing Trainable Parameters: Minimizing computational complex-
ity while preserving high accuracy is a key technical challenge, particularly

in resource-limited smart city systems.

1.8 Contributions

Our main contributions are summarized below:

1. Developed a new dataset for violence detection, comprising 480 la-
beled video clips across four distinct categories of violence incidents. This
dataset addresses the critical shortage of publicly available resources in
this field and serves as a comprehensive benchmark for the development

and evaluation of automated violence detection algorithms.

2. Designed a custom key frame extraction algorithm that leverages
both temporal and pixel-level features to identify the most informative
frames. This approach enhances the stability and accuracy of key frame
clusters, which are subsequently utilized in the fine-tuned model for classi-

fication.

3. Fine-tuned the MoViNet-A0 model on the Political Violence dataset,
achieving a notable accuracy of 92.86% with a parameter count of 1.904
million. This result underscores the model’s effectiveness in the domain of

video violence detection.

4. Attained performance exceeding state-of-the-art methods across
four benchmark datasets for video violence detection—Hockey Fight (98%
accuracy), RLVS (98.3% accuracy), RWF-2000 (88.12% accuracy), and
Surveillance Camera Fight (84% accuracy). These results demonstrate the

effectiveness and wide applicability of the proposed approach.
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1.9 Organization of Thesis

The remaining of the thesis is organized as follows. Chapter 2 provides a compre-
hensive review of existing studies related to violence detection and classification
in video content. Chapter 3 provides a comprehensive overview of the develop-
ment of a video violence classification system, integrating dataset creation with
the techniques and methodologies for system implementation. Additionally, the
chapter details the methodologies for the classification system, including fea-
ture extraction to capture spatial and temporal dynamics, keyframe extraction
to optimize computational efficiency, and classification algorithms for real-time
detection. Experimental results, including both quantitative and qualitative er-
ror analysis, are discussed in Chapter 4. Finally, Chapter 5 highlights potential

future research directions and concludes the thesis with a summary of findings.

1.10 Conclusion

Chapter 1 provides strong motivation to the work on violence detection on video,
especially regarding its role in promoting the public security and urban security
in the face of rapid increase of political unrest. It expresses the reason based
on the increased demand from violent terrorism around the world and the diffi-
culty of manual monitoring because the lidar volume of video from 770 million
surveillance cameras all over the world increases massively. The chapter explic-
itly states the research objectives, which include creating a specialized Violence
data set, proposing an effective key frame extraction technique, and optimizing a
lightweight model MoViNet-A0 for real-time deployment. The range is defined in
a strategic manner to tackle political violence with 4 categories (Normal, Clash,
Fire, Shooting) offered, achieving extensive coverage at real-world scenes while
maintaining computational efficiency. The significance of the system is demon-
strated across various applications such as transit monitoring and infrastructure
protection, and the challenges including non-stationary background and a finite

training data set are recognised.



Chapter 2

Literature Review

2.1 Introduction

This chapter explores various techniques used in video violence detection, focusing
on traditional methods, advanced neural network models, and hybrid approaches
that integrate multiple models for improved performance. It highlights the evo-
lution of these methods from manual feature extraction to sophisticated deep
learning models, emphasizing their strengths and limitations in addressing the

complexities of detecting violent content in video data.

2.2 Traditional methods

The most popular video violence detection approaches rely heavily on hand-
crafted features. These methods can be classified into two general categories:
local and global methods. Local methods focus on selective parts of the video,
such as frames or segments, identifying points of interest. SPT and Motion SIFT
(MoSIFT) [5] [6] are also examples of extending the spatial interest points to the
spatiotemporal extent. On the other hand, global methods examine the whole
video and utilize statistical models or extract features to determine behavioral
patterns. These methods often employ optical flow to identify discriminative
features. An example can be Violent Flow (ViF) descriptor, which depends on
optical flow magnitude and its later versions have computed also magnitude and
orientation [7]-[8].

While traditional methods have achieved reasonable success, they come with
several drawbacks. They are typically time-consuming and require significant
human effort to design and implement the necessary features. Additionally, these

methods can be limiting, as the manually extracted features might not capture
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all the data’s complexity or apply to various problems and tasks. Furthermore,
traditional methods may face challenges with scalability and adaptability to new
or unseen data, as they depend heavily on predefined features. Recently, the
Entropy Weight Method (EWM) has gained attention for its ability to assign
objective weights to features based on their inherent information entropy, thereby
enhancing the feature selection and decision-making processes in classification
tasks. For instance, [9] applied EWM in conjunction with machine learning
classifiers to improve the accuracy and robustness of violence detection systems
by effectively weighing key features extracted from video data. This approach
addresses the limitations of traditional classifiers by providing a more nuanced

feature weighting mechanism, leading to better performance in complex scenarios.

2.3 Methods based on 3D CNNs and 2D CNNs

Recently, video violence detection methods that use 3D CNNs and their variants
have been widely preferred due to their capability for automatic extraction of
spatiotemporal features. Since the convolutional operations in 3D CNNs are
performed in three dimensions, both the spatial and temporal information could
be modeled accordingly. That enables them to be more effective at modeling
the temporal dynamics of the video sequences to perform the task of violence
detection better [10]. For example, it is shown in [11] that 3D CNNs worked
excellently for violence detection. The authors proposed a network trained on
the Hockey Fight dataset that outperformed standard methods.

Moreover, the adaptability of CNN-based frameworks extends beyond video
violence detection. In medical imaging, CNNs have been enhanced with fuzzy
logic to improve diagnostic reasoning [12], and principal component analysis
has been integrated to forecast blast-induced ground vibrations [13]. A deep
CNN framework has also been proposed to enhance brain tumor diagnosis on
MRI scans, demonstrating the potential of CNNs in biomedical applications [14].
Additionally, CNNs have been utilized in optimizing radar systems, with novel
machine learning approaches improving radar warning receiver preprogramming
[15]. Furthermore, integrating CNNs with fuzzy K-Clustering and fuzzy neural
networks has enhanced prediction accuracy in complex systems [16].

However, the use of 3D CNNs has some cons: a lot of computational burden
and plenty of parameters involved increase time consumption during training,
with huge requirements to computational capabilities [17]. The complexity here
makes large datasets necessary to avoid overfitting, which is not always available.

Several techniques have been developed to make the 3D CNN less ineffective in
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handling these challenges. For example, [18] proposed a technique for interest
frame extraction to reduce the size of input fed to 3D CNNs, reducing computa-
tional burdens.

While 3D CNNs have been proposed for video analysis by introducing tem-
poral dimensions into their convolutional and pooling operations, adapting 2D
CNNss for video analysis has traditionally been used for image analysis by incorpo-
rating temporal information through various strategies. These networks are less
computationally intensive than the 3D CNNs since they perform convolutions
over two dimensions. Several methods have been devised to enable 2D CNNs
to capture temporal features, including using optical flow or frame differencing
[19]. More recently, keyframe differences based on an optical flow have been
considered for template generation in 2D CNNs, which have been competitive in
performance for the violence detection task[20].

However, 2D CNNs suffer from some of their representative characteristic
features. Their performance could hardly catch the temporal dynamics from
video data since they are mostly based on a spatial feature from an independent
frame [21]. This may result in the loss of significant temporal information which is
necessary for accurately recognizing violent activities. Drawing inspiration from
advanced CNN applications in other domains, such as epileptic seizure detection
through EEG analysis [22] and software vulnerability detection [23], our approach

integrates temporal and spatial feature extraction to mitigate these challenges.

2.4 Methods based on 2D CNNs and LSTM

Recently, the combination between 2D CNNs and LSTM networks has also been
[fruitful in violence detection in videos. This is due to each of above models
complementing other to contribute power to this complete model: If 2D CNN is
responsible for extracting the most important spatial content of a video frame,
LSTM is for temporal dependencies over sequences. Such synergy also provides
a holistic understanding of the video data which tends to make the multimodal
approach highly suitable for predicting violent scenarios [24].

Research [25] was one such representation that combined 2D CNN with LSTM
to improve the performance of violence detection. While 2D CNN takes out the
spatial features in every frame, LSTM takes that as an input and models temporal
relations between them. This has been promising in detecting violent behaviors
correctly from video sequences.

Moreover, CNN-based frameworks have been successfully applied in diverse

domains, enhancing tasks such as epileptic seizure detection through EEG anal-
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ysis [22] and optimizing software vulnerability detection with MDSADNet [23].
These applications underline the adaptability and effectiveness of CNN-LSTM
architectures in handling complex, sequence-based data.

Despite their effectiveness, methods combining two-dimensional Convolutional
Neural Networks (2D CNNs) with Long Short-Term Memory (LSTM) networks
still face notable challenges. These hybrid architectures often result in increased
model complexity, demanding significant computational power and lengthy train-
ing periods [26]. Additionally, their performance heavily depends on the quality
and quantity of training data. Insufficient or low-quality data can lead to overfit-
ting, where models perform well on training sets but struggle with new, unseen
data [27].

Furthermore, while LSTMs excel at capturing short-term temporal depen-
dencies, they may struggle with long-range dependencies prevalent in video se-
quences. This limitation can result in the loss of crucial contextual details [28].
To address these issues, researchers have turned to hybrid models incorporating
attention mechanisms. These mechanisms allow models to focus on specific parts
of a video, thereby improving their ability to discern relevant features [29].

Our approach draws inspiration from advancements in other domains, such as
using deep CNN frameworks to enhance brain tumor detection on MRI scans [14]
and employing innovative machine learning techniques for radar warning receiver
optimization [15]. By integrating attention mechanisms with CNN-LSTM archi-
tectures, we aim to better capture both spatial and temporal features essential

for accurate violence detection.

2.5 Methods based on two stream CNNs

The detection of violence in videos is currently trending, taking the traditional
form of a two-stream approach in CNN-based methods. A two-stream process
would ideally include raw RGB frames in one stream and the optical flow indicat-
ing motion in between the frames in another. By combining these two streams,
both spatial and temporal features can be leveraged for better violent activity
detection, as used in the work by [30].

For instance, authors in [31] proposed a two-stream CNN architecture and
achieved a considerable enhancement in action recognition. The network used
both spatial and temporal information quite elegantly and performed better than
the best single-stream network. In this respect, a two-stream model introduced
in [32] for violence detection showed competitive results based on the integration

of the motion information with one of the appearance data.
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Moreover, the two-stream paradigm has been successfully applied in various
other domains. In radar systems, a novel machine learning approach optimized
radar warning receiver preprogramming, demonstrating the flexibility of two-
stream architectures in handling complex data [15].

Although two-stream CNNs have their merits, it has some disadvantages. One
of the significant problems is increased computational complexity as it requires
the processing of two different streams, which may increase the time of training
as well as resources [33]. Furthermore, optical flow provides more challenges since
the computation of optical flow is a complex operation and sometimes provides
inaccurate measurements, particularly in video data with low quality or noise
[34].

To address these limitations, recent advancements have focused on optimizing
two-stream architectures. For example, integrating dual graph neural networks
with multi-feature fusion has been explored to enhance named entity recognition.
This provides insights into how multi-stream data can be effectively combined
[35]-[36]. Similarly, enhanced prediction accuracy in complex systems has been
achieved by integrating fuzzy K-Clustering with fuzzy neural networks, which
can inspire more robust two-stream models [16].

Most of the prior works in video violence detection have focused on binary
classification, leaving much room for improvement in the accuracy of this task.
One of the main challenges is indeed to develop models that are not only accu-
rate but also lightweight, with a good balance between performance and com-
putational efficiency. Among the several proposals to date, the MoViNet model
seems very promising for solving this challenge, especially its A0 version - the
smallest of its other versions, which we have chosen to fine-tune to optimize its
effectiveness. Probably the most challenging part of the detection task is the
fact that real political incident datasets are virtually non-existent. To remedy
this, we provide the Political Violence Dataset to help cover that major gap in

resources and permit more significant and pertinent detection capabilities.

2.6 Limitations of Current Methods and Research
Gaps

Conventional methodologies of video violence detection are built upon hand-
crafted features involving motion, appearance, and trajectory-based descriptors.
Most works have adapted machine learning-based classification frameworks such

as SVM or KNN [37]. However, these methods fail to model complex spatiotem-
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poral patterns and have a lack of generalization ability [38]. Lately, with the
evolution of deep learning, 2D CNNs have been widely adopted for video vio-
lence detection. These networks are very good at extracting spatial features from
the individual frames, which are then aggregated temporally by techniques like
average pooling or RNNs [39].

The improved performance of 2D CNNs compared with traditional methods
can be achieved because those methods do not capture temporal dynamics and
long-range dependencies in videos [40]. Recently, with the view to overcoming
deficiencies of 2D CNNs, there has been interest in the use of 3D CNNs due to
their abilities for jointly learning spatiotemporal features by applying convolu-
tions across both spatial and temporal dimensions[41]. 3D CNNs thus far show
the best performance of any of the methods discussed in the video violence de-
tection, as they can model effectively complex interactions between appearance
and motion patterns[42].

However, 3D CNNs have their challenges, especially when it comes to compu-
tational efficiency and memory requirements [43]. Most operations, essential to
support the accuracy of the 3D video networks, require processing of all frames in
the input. Temporal convolution and non-local blocks are a few examples. At the
same time, many other approaches impose such a burden-the serious challenge
to use an efficient model on a mobile device [44]. Recently presented X3D net-
works achieved impressive advancements in 3D CNN efficiency. However, either
they require large amounts of memory with large temporal windows or utilize
smaller temporal windows that lower the performance [45]. Other works have
also tried to improve the performance of 2D CNNs by performing temporal ag-
gregations. Still, due to their limited inter-frame interactions, these models also
cannot capture long-range temporal dependencies as well as 3D CNNs do [46].

To overcome these challenges, there is a growing need for MoViNets, a fam-
ily of memory and computation-efficient 3D CNNs [47]. MoViNets are designed
to balance accuracy and efficiency, enabling deployment on resource-constrained
devices while maintaining high performance in video violence detection tasks. By
leveraging techniques such as channel-wise convolutions, temporal shift modules,
and efficient temporal modeling, MoViNets can effectively capture spatiotempo-
ral dependencies while minimizing computational overhead [48]. Besides, model
fine-tuning is essential for adapting pre-trained models to new datasets by con-
tinuing the training process on task-specific data, which enhances performance
and generalization capabilities[49].

Existing datasets in this field have many limitations. While datasets like
UCF101[50] and ActivityNet [51] cover general human activities, they may not
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adequately capture the nuances and complexities of political violence-related
events. Datasets such as RWF-2000[52], Hockey Fight[53], and Surveillance
Camera Fight Dataset[54] focus on violence detection. Still, they are limited
in scope, covering specific types of violence like real-world fights, hockey fights,
and surveillance footage. The Real Life Violence Situations(RLVS) dataset[55]
provides violent incidents, but it is not specifically focused on political violence
and doesn’t include a wide range of actions. Understanding and detecting polit-
ical violence is crucial for applications in areas like security, conflict monitoring,
and social science research. Developing effective computer vision models to clas-
sify different types of political violence can support early warning systems, event
monitoring, and policy decision-making. A comprehensive dataset on political
violence can contribute to advancing the state-of-the-art in this field and enable
the development of more robust and accurate video classification models.

Keyframe extraction from video is crucial for model training as it allows for
selecting representative frames that capture the essential content and dynamics of
the video, thereby reducing the computational load and improving the efficiency
of training deep learning models. One common method for keyframe extraction
is shot boundary detection, which identifies transitions between scenes or shots
within a video. However, this method often struggles with gradual transitions
and can miss subtle changes in scenes[56]. Optimal frame selection using frame
difference involves analyzing sequential frames to identify slight pixel changes,
which indicate consistent contextual content. However, this method can supply
the model with redundant information, potentially impairing its performance
when trained on a varied visual dataset[57]. Another approach is clustering-based
extraction, where frames are grouped into clusters based on visual similarity, and
keyframes are selected from each cluster. This method may not always accurately
represent the temporal dynamics of the video[58]. Adding temporal features with
pixel features may stabilize the clusters and increase their effectiveness.

In particular, the study presents a holistic approach in the identification of
gaps in existing video classification models and introduces a new political violence
dataset specifically focusing on the problem domain, fine-tunes the MoViNet-AQ
model to achieve state-of-the-art accuracy on political violence datasets, and
implements a custom key frame extraction algorithm that exploits both tempo-
ral and pixel features during training. The main research question that guides
this work is:

“How can we develop an efficient system for detecting violence in videos by
addressing limited dataset diversity, unstable and incoherent keyframe selection

in traditional K-means clustering, and computational overhead for real-time ap-
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plications?” . The selection of MoViNet-AQ is justified by its superior balance
of computational efficiency and performance, making it well-suited for resource-
constrained smart city environments and real-time video analysis. Additionally,
the custom keyframe extraction algorithm, by integrating temporal and pixel-
level features, ensures the identification of the most informative frames, thereby
improving the detection of subtle violent incidents. These methodological deci-
sions collectively aim to establish an accurate, efficient, and scalable system for

the detection of political violence in video data.

2.7 Conclusion

This chapter covers the history of video violence detection from the old hand-
crafted feature based-methods until the advanced deep learning based approach.
Meanwhile, the traditional methods, such as Motion SIFT and Violent Flow, are
based on hand-crafted features, which is not scalable and costly to tune the level
of complexity. Deep learning innovations such as 3D CNNs perform well in spatial
temporal modelling whilecurring computational overheads. 2D CNNs, although
lighter, have difficulties in extracting temporal dynamics, resulting in hybrid
models such as 2D CNN-LSTM and two-steam CNN, which process spatial and
temporal information separately. Yet challenges yet remain, such as the complex-
ity of models, dependence on quality of data and ability to model dependencies
at long ranges. The lightweight model, MoViNet-A0Q, provides a trade-off for real
time applications. Available datasets are not oriented towards political violence,
hence the proposed Political Violence Dataset. Shifting, which is a keyframe
extraction problem, like unstable clustering is solved by a new temporal-pixel
feature algorithm. Doing this first, allows us to lay the ground work for a scal-
able (both accurate and effective) violence detection system by spotting holes in
the space of both the types of data we use and the computational efficiency of

our methods.
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Chapter 3

Methodology

3.1 Introduction

This chapter presents a comprehensive methodology for detecting and classifying
political violence in video footage, integrating the development and analysis of a
specialized Political Violence Dataset with a detailed explanation of the proposed

detection approach.

3.2 Overview of Methodology

The Figure 3.1 illustrates the workflow for developing a political violence detec-
tion system. The process begins with Data Curation, sourcing diverse video
data from social media platforms such as Facebook, YouTube etc. to ensure real-
world relevance. Next, Annotation involves manually labeling videos into four
input class categories—Shooting, Clash, Fire, and Normal—based on content, es-
tablishing ground truth for training. Preprocessing follows, applying techniques
like histogram equalization to enhance video quality and improve feature clarity.
In Feature Extraction, spatial and temporal features are derived to capture the
dynamics of violent events, represented as a feature vector x = [z, 29, ..., x4
Finally, Keyframe Extraction identifies the most representative frames using
an enhanced algorithm integrating temporal and pixel-level features, reducing
computational load while preserving critical information for classification. This
pipeline ensures efficient and accurate detection of political violence, aligning
with the chapter’s focus on dataset development and algorithmic innovation for

real-time smart city surveillance.
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Figure 3.1: Overview of the violence detection system workflow.

3.3 Definition of the Task

The Political Violence Dataset is a comprehensive collection designed to analyze
and detect various forms of violence in real-world political contexts. Unlike ex-
isting datasets that primarily focus on sports-specific altercations or controlled
environments, our dataset captures the complexity and nuances of public gather-
ings during political incidents. This dataset encompasses a wide range of violent
scenarios, providing a more representative sample of real-life situations.

The dataset is divided into four distinct classes:

o Normal: This class includes footage of individuals engaging in their daily
activities without any signs of violence. It serves as a baseline for compar-

ison against more violent scenarios.

o Clash: Instances categorized as “Clash” involve potential or actual con-
frontations, including hand-to-hand combat, the presence of clubs or other
weapons, unusual movements indicative of unrest, police interactions with

civilians, and vandalism.

o Fire: This class captures events where fires break out in various settings,
such as transportation vehicles, institutions, or residential areas. The pres-

ence of fire signifies a critical escalation in violent situations.

e Shooting: Events in this category involve individuals who aim guns at
others or large crowds. This class represents one of the most severe forms
of violence and is crucial for understanding the dynamics of armed conflicts

during political events.
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The Political Violence Dataset stands apart from existing datasets due to its focus
on large public gatherings and live political incidents. While many datasets are
binary (violent vs. nonviolent), our multiclass approach allows for a more nuanced
understanding of different types of violence. The dataset also highlights actions
that may not involve direct physical contact but still represent significant threats,

such as aggressive posturing or the display of weapons.

3.4 Dataset Developmet Steps

The Political Violence Dataset was created through a rigorous process, orches-
trated through a sequence of data curation, annotation and subsequent prepro-
cessing steps. The following subsections describe the meticulous methodologies
utilized for collecting, annotating, and preprocessing the video data to ensure

effective model training.

3.4.1 Data Curation

Figure 3.2 presents an overview of the data acquisition process for the Political
Violence dataset, illustrating the distribution of video content gathered from
various social media platforms, including Facebook, YouTube, and Instagram.
The reliance on these platforms as data sources is justified by their widespread
use and extensive repositories of user-generated content, which provide a rich and
diverse pool of real-world video footage relevant to political violence. Facebook,
contributing 60% of the dataset, serves as the primary source due to its vast user
base and the prevalence of event-related videos shared by individuals and groups.
YouTube, accounting for 30%, offers a significant volume of publicly accessible
videos, often including detailed documentation of political incidents, making it
a valuable secondary source. Instagram, while contributing a smaller portion at
10%, complements the dataset with its focus on short-form, visually rich content
that captures spontaneous moments of political unrest. Together, these platforms
ensure a broad and representative sample of video data, reflecting varied contexts

and perspectives essential for training robust violence detection models.

3.4.2 Annotation

The annotation process for the Political Violence dataset ensures high-quality
labeling through a structured workflow, as depicted in Figure 3.3. Initially, each

video is assessed to determine if it depicts normal behavior; if so, it is labeled
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Data Acquisition Summary
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Figure 3.2: Data acquisition summary of Political Violence dataset. This pie
chart illustrates the distribution of data acquisition across three major social
media platforms: Facebook (60%), YouTube (30%), and Instagram (10%). The
chart highlights Facebook as the primary source of data, followed by YouTube
and Instagram.

as “Normal”If not, annotators identify the reasons for violence—such as con-
frontation, hand-to-hand combat, weapons, vandalism, fire outbreaks, or shoot-
ing—based on predefined criteria. Videos that do not match these definitions
are discarded. For videos exhibiting violence, annotators check if the reasons
point to multiple classes; if not, a fine-grained label (Fire, Clash, or Shooting)
is assigned. To maintain consistency, every video is manually labeled by two
annotators following uniform guidelines, and in cases of disagreement, an expert
facilitates resolution through discussion to finalize the label, ensuring reliability

and accuracy in the dataset.
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Figure 3.3: Data Annotation process.

Algorithm 1 Political Violence Dataset Labeling Process

Require: Set of videos M = {mj,ma,...,myso} and three annotators A =

{A;, Ay, A3} providing labels for each video

Ensure: Dataset with violence category annotations PV Labels = {(my, y;) 320

1:
2:
3:

10:
11:
12:
13:
14:
15:
16:

17:

PV Labels < ()
for ¢ < 1 480 do
L; < {yi1, Yi2, yiz} *Labels from annotators Ay, Ag, A3 for video m;
for each label y € {Normal, Clash, Fire, Shooting} do
Count(y) < 25:1 I(y;; = y) *Count occurrences of each label
end for
Ymajority < arg max, Count(y)
if Count(Ymajority) > 2 then
PV Labels <— PV _Labels U {(m;, Ymajority) }
else
FExpert Resolution:
Yfinal < Expert Review(L;)
PV Labels < PV __Labels U {(m, Y fina) }
end if
end for
Kk < CohenKappa(A) *Calculate Cohen’s Kappa Coefficient for inter-
annotator agreement
return PV Labels

To ensure the Political Violence Dataset is accurately and consistently la-
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beled, we implemented a structured annotation process guided by established
best practices [59]. Three trained annotators, each with a background in com-
puter engineering, independently reviewed and categorized each of the 480 videos
into one of four classes: Normal, Clash, Fire, or Shooting. Each video was eval-
uated by all three annotators to promote reliability. If at least two annotators
agreed on the classification, the label was assigned directly. In the rare instances
where all three annotators disagreed, an expert reviewer consulted the annotators’
reasoning and applied Algorithm 1 to determine the final label. This algorithm
systematically handles label assignments and resolves conflict to maintain consis-
tency across the dataset. To assess the quality of the annotations, we calculated
the inter-annotator agreement using Cohen’s Kappa coefficient, achieving a mean
score of 0.90, which indicates strong agreement. This comprehensive approach,
combining triple annotation, expert resolution, and statistical quality checks, en-
sures the dataset’s reliability and robustness for analyzing political violence in

real-world contexts.

3.4.3 Preprocessing

Preprocessing serves as a pivotal step in the analytical pipeline, markedly am-
plifying the fidelity and consistency of the visual data, which, in turn, critically
underpins the effectiveness and computational efficiency of the deep learning al-
gorithms applied thereafter [60] - [61].

The raw video frames can be represented as a matrix of pixel intensities I, as

shown in Equation 3.1:

P11 P12 .- DPin
P21 D22 ... DP2n

I=|" . . (3.1)
pm,l pm,2 L pm,n

where p; ; denotes the intensity value of the pixel at position (i, j), and m and
n are the dimensions of the frame.
The histogram H(I) of the image I is defined as:

H(I)={hy:k=0,1,2,...,L — 1} (3.2)

where hj, is the number of pixels with intensity value k, and L is the number
of possible intensity levels.
Histogram equalization aims to transform the pixel intensities to achieve a

uniform distribution across the intensity levels. The transformation function
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T:[0,L—1] — [0, L — 1] for each pixel intensity p; ; can be defined as Equation
3.3:

Di,j

T(pij) = (L—1)> h/N (3.3)

where N = m X n is the total number of pixels in the image.

After applying histogram equalization, we obtain an enhanced image I’:

I'=T() (3.4)

This enhanced image improves feature visibility by increasing contrast among
pixel intensities. The discernibility of critical features necessary for accurate
violence detection can be mathematically represented as an increase in signal-to-
noise ratio (SNR):

SNRpost > SNR e (3.5)

Thus, by applying histogram equalization[62] to the raw video frames, we
provide our deep learning algorithms with improved input data characterized by
enhanced features necessary for reliable classification tasks. Figure 3.4 presents
a side-by-side comparison of frames before and after applying histogram equal-

ization. The enhanced frames exhibit increased clarity and improved visibility of

details, crucial for the subsequent feature extraction phase.

Figure 3.4: Comparison of video frames pre- and post-histogram equalization:
The left column shows the original frames as captured by mobile cameras, while
the right column demonstrates the clarity achieved through histogram equaliza-
tion.

Following enhancement, let I’ represent the enhanced video frame with pixel

intensities. The normalization process aims to scale these pixel intensities to a
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consistent range, typically [0, 1].

Given an enhanced frame I’ represented as Equation 3.6:

p/1,1 p,1,2 . pll,n
pl pl o p/

e (3.6)
Pmi Pmz - Pn

where p; ; denotes the intensity value of the pixel at position (i, j).
The normalization function N : I — I" for each pixel intensity p; can be

defined as Equation 3.7:

"o p;,j - min<1,)
“ max(I') — min(I)

(3.7)

where [}’; is the normalized pixel intensity, and min(/’) and max(I’) are the
minimum and maximum intensity values in the enhanced frame I’, respectively.

This transformation ensures that all pixel intensities are scaled to the range
[0, 1J:

0< I <1 (3.8)

Normalization aids in stabilizing the learning process by mitigating issues
related to differing scales of input features. This consistent scaling improves

model performance by allowing faster convergence during training.

3.5 Data Annotation Quality

The quality and reliability of annotations in the Political Violence Dataset were
assessed using Cohen’s Kappa (k), a statistical measure that evaluates inter-

annotator agreement while accounting for chance agreement. Cohen’s Kappa is
defined as:

Po_Pe
R=—"——
1-P.°

where P, represents the observed agreement between annotators, and P, denotes

(3.9)

the expected agreement by chance. A x value between 0.81 and 1.00 indicates
“almost perfect” agreement, reflecting high reliability in the annotation process.

The Political Violence Dataset comprises 480 labeled video clips categorized
into four classes: Normal, Fire, Clash, and Shooting. The Cohen’s Kappa scores

for each class, along with the mean across all labels, are presented in Table 3.1.
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The mean x value of 0.90 signifies an almost perfect level of agreement among
annotators, demonstrating the consistency and validity of the fine-grained label

annotations.

Table 3.1: Cohen’s Kappa Scores for the Political Violence Dataset Annotations

Class k-score Mean
Normal 0.87

Fire 0.92

Clash 087 0N

Shooting 0.94

The high inter-annotator agreement, as evidenced by the mean x score of 0.90,
underscores the robustness of the Political Violence Dataset as a reliable bench-
mark for training and evaluating automated political violence detection models.
This consistency ensures that the dataset can effectively support applications
in security, conflict monitoring, and policy decision-making, where precise and

dependable annotations are critical.

3.6 Dataset Statistics

Figure 3.5 shows samples from the Political Violence Dataset, illustrating in-
stances of Clash, Fire, Shooting, and Normal activities.

The Political Violence Dataset is a collection of videos made to help train and
check models that spot political violence. It has 480 video clips, split evenly into
four groups: Clash, Fire, Shooting, and Normal. Each group has 140 clips, so
both violent and non-violent videos are equally included. The dataset is divided
into three parts: a training set, a validation set, and a test set. The training set
teaches the model to find violence patterns. The validation set helps adjust the
model to work better. The test set checks how well the model handles new videos
it hasn’t seen before. Table 3.2 shows how the clips are split across these parts
for each group.

As shown in Table 3.2, the dataset is split into 360 training samples, 88 val-
idation samples, and 112 test samples, maintaining a consistent ratio across all
classes. Specifically, each class contributes 90 samples to the training set, 22
samples to the validation set, and 28 samples to the test set. This distribution
ensures that the model is trained on a substantial portion of the data (75% of the
total samples), while the validation set (approximately 18%) allows for hyperpa-

rameter optimization, and the test set (approximately 23%) provides a robust
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(d)

Figure 3.5: Samples from the Political Violence dataset: (a) Clash; (b) Fire;
(c) Shooting; (d) Normal class.

Table 3.2: Distribution of Video Clips in the Political Violence Dataset Across
Training, Validation, and Test Sets

Action Training Validation Test Total
Clash 90 22 28 140
Fire 90 22 28 140
Shooting 90 22 28 140
Normal 90 22 28 140
Total Samples 360 88 112 480

evaluation of the model’s generalization to unseen data. The balanced class dis-
tribution mitigates the risk of bias toward any particular category, enabling the
model to learn and evaluate the characteristics of political violence and normal
scenarios equitably.

Table 3.3 summarizes the characteristics of various datasets available for video
violence detection.

The Political Violence dataset differs from datasets like RWF-2000, Hockey,
RLVS, and Surveillance in key ways. It features four action categories (Nor-

mal, Clash, Fire, Shooting) versus the binary (Violent/Non-Violent) split in oth-
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Dataset RWF-2000 [52] Hockey [53] RLVS [55] Surveillance [54] Political Violence
Resolution Variable 360x 360 Variable Variable Variable

Min Clip 0.32 1.6 2 2 2
Duration (s)

Max Clip 5 1.96 2 2 18
Duration (s)

FPS 25 25 15 25 30

Actions 2 2 2 2 4

Table 3.3: Characteristics of various datasets for video violence detection.

ers—RWF-2000 , Hockey , RLVS , Surveillance —offering finer granularity for
political violence analysis. Its maximum clip duration of 18 seconds far exceeds
RWF-2000 (5s), Hockey (1.96s), RLVS (2s), and Surveillance (2s), capturing
evolving events with more context. A 30 FPS frame rate, higher than RWF-2000
(25), Hockey (25), RLVS (15), and Surveillance (25), enhances temporal detail
for fast-paced actions. With 480 samples, it balances size and specificity, focus-
ing on political contexts unlike the broader or domain-specific scopes of others,

making it uniquely suited for targeted detection models.

3.7 Problem Formulation

In this study, we address the task of multiclass violence video classification, where
the objective is to accurately categorize videos into multiple violence-related
classes based on their content. Let us define the components of this classification
task systematically.
Consider a dataset comprising a collection of videos, denoted by the set in
Equation 3.10,
V ={vi,ve,..., 01}, (3.10)

where each video v; is an individual instance within the dataset, and |V| rep-
resents the total number of videos. Each video v; is characterized by a feature

vector in Equation 3.11,

X;,=| | eR? (3.11)

where X, is a d-dimensional real-valued vector encapsulating various attributes
or features extracted from the video. The dimensionality d reflects the number

of distinct features utilized to represent each video, which may include visual
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descriptors, motion patterns, audio signals, and other relevant metadata.
We define a set of classes C' representing different categories of violence in
Equation 3.12,
C={ci,c,...,¢0} (3.12)

where each ¢; corresponds to a specific violence-related category, and |C| denotes
the total number of such classes. Examples of these classes might include physical
assault, weapon usage, verbal threats, and other forms of violent behavior.

For each video v;, there is an associated label vector
Y, € {0,1}/°, (3.13)

which indicates the membership of the video across the defined classes. Specifi-

cally, each element Y;; of the label vector Y; is a binary indicator where

1 if video v; belongs to class ¢;,

0 otherwise.

This formulation supports multi-label classification, allowing a single video to be
associated with multiple violence-related classes simultaneously.

The primary goal is to learn a mapping function
f:RY—[0,1)¢, (3.14)

which predicts the probability of each class c¢; being present in a given video based
on its feature vector X;. Mathematically, the function f maps the input feature
vector X; to an output vector f(X;), where each component f(X;); represents
the predicted probability that video v; belongs to class c;.

To train the model, we define a loss function that quantifies the discrepancy
between the predicted probabilities and the actual class memberships. A com-
monly used loss function for multiclass classification tasks is the sparse categorical

cross-entropy loss, which for a single video v; is expressed as

IC]

L(f(X; Z ilog(f(X5);). (3.15)

In this equation, the loss L accumulates the negative log-likelihood of the true
classes present in the video, effectively penalizing the model for incorrect predic-

tions.
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Given a dataset of videos

D ={(X;, Y,)}L,, (3.16)
where N is the total number of videos, the objective is to minimize the overall
loss across all samples to enhance the model’s ability to generalize to unseen data.

This is formalized by the objective function

I() = 5 S LUK, (3.17)

which represents the average loss over the entire dataset. Minimizing J(f) entails
adjusting the parameters of the mapping function f such that the predicted
probabilities f(X;); closely align with the actual class memberships Y;; for all

videos in the dataset.

3.8 Keyframe Extraction

Keyframe extraction plays a pivotal role in video violence classification by re-
ducing the computational complexity and redundancy inherent in processing
full video sequences, while preserving the essential spatio-temporal information
needed to distinguish classes such as “Normal,” “Clash,” “Fire,” and “Shoot-
ing.” Videos typically contain a large number of frames, many of which are
highly correlated or contain minimal changes, making exhaustive frame-by-frame
analysis inefficient. By selecting keyframes—representative frames that cap-
ture significant events or transitions (e.g., the onset of a clash or the appear-
ance of fire)—the models focus computational resources on the most informative
content. For instance, in the Vision Transformer, 12 keyframes are extracted
from a variable-length RGB sequence to form a manageable input of shape
(12,224,224, 3), enabling the convolutional tokenizer and transformer encoder
to efficiently process spatial and temporal features. Similarly, ConvLSTM and
2D CNN + LSTM/BiLSTM architectures benefit from keyframes to streamline
the sequence X = {X;, Xy,..., X7} into a subset that retains critical dynamics,
such as motion patterns or intensity shifts, for recurrent processing. In MoViNet-
A0, keyframe-based sub-clips enhance the causal stream buffer’s ability to model
temporal dependencies without overwhelming memory constraints. Moreover,
keyframe extraction improves robustness by emphasizing visually distinct mo-
ments, reducing noise from irrelevant frames, and facilitating the subsequent

feature extraction and softmax classification stages across all models.
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3.8— Keyframe Extraction

Algorithm 2 Keyframe Extraction Using K-Means Clustering with Temporal

Fe

atures

Require: « Video V consisting of N frames {Fy, Fy, ..., Fy}

o Number of keyframes/clusters K (e.g., K = 12)

Ensure: o Set of keyframes { Fiey.1, Fkey2, - - - » Fhey K }

1
2

3:
4:

*

10:

11:
12:

13:
14:
15:

16:
17:
18:

19:

. Initialize an empty list for feature vectors: F = ||

. for each frame F; where i =1,2,..., N do

Convert F; from RGB to HSV color space.
Compute the color histogram ¢color(F;) with h bins:

¢color(E) S Rh

Normalize the color histogram to account for varying lighting conditions:

_ ¢color<}7’£>
H¢color(ﬂ) Hl

Extract the temporal feature ¢emp(F;):

norm (E)

color

(btemp(}?i) = %

Concatenate color and temporal features to form the final feature vector:
O(F}) = [P0, fremp(F})] ERY, d=h+1

Append ¢(F;) to the feature list F
end for
Standardize the feature vectors to have zero mean and unit variance:

¢'(F;) = Standardize(¢(F;)) VF, €V

Initialize K-Means clustering with K clusters and random centroids.
Perform K-Means clustering on the standardized feature vectors {¢'(F;)}:

K
i _ 2
cl,g;l.?cKZ D Nl = el

k=1 zeC}

where ;. is the centroid of cluster Cj.
Initialize an empty set for keyframes: Fiey, = 0)
for each cluster Cj where k =1,2,..., K do
Identify the frame Ficy i closest to the centroid

Frey = arg Jnin 10" (F5) — |

Add Fiey  to the keyframe set Fiey
end for
Sort the keyframes in Fi., based on their original frame indices to preserve
temporal order:

ery = Sort ({Fk?gb ery,2> R ery,K})

Return the sorted set of keyframes Fiey
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The proposed algorithm for keyframe extraction, as detailed in Algorithm 2,
builds upon the foundational principles of K-means clustering [63]-[64] and in-
troduces a novel modification by integrating both color histograms and temporal
features to optimize the selection of representative frames from a video sequence.
Unlike traditional K-means clustering, which relies solely on static visual features
such as pixel intensities or color distributions, this enhanced approach incorpo-
rates temporal dynamics inherent in video data, ensuring that the clustering
process captures both the visual content and the sequential context of frames.
This results in more coherent and stable cluster assignments across the video
timeline, addressing the limitations of conventional methods that often produce
redundant or temporally disjointed keyframes.

The traditional K-means algorithm minimizes the within-cluster variance

based on visual features, defined as:

T=> > o —wlP (3.18)

i=1 xeC;

where 2 € R" is a frame’s feature vector (e.g., a color histogram with h bins), u; €
R" is the centroid of cluster C;, and K is the number of clusters. This objective
optimizes for visual similarity, often grouping frames with minimal variation (e.g.,
consecutive frames of a static scene), leading to redundant keyframes due to its
inability to capture temporal dynamics.

In contrast, the proposed algorithm constructs a hybrid feature vector that
combines a normalized color histogram in the HSV color space with a temporal
feature representing the frame’s relative position within the video. For a frame
F; in a video with N frames, the color histogram h; € R" is computed with a

specified number of bins (e.g., 256) and normalized to ensure scale invariance:

. count;
h; (] ) = .

S N 3.19
SO county, g (3.19)

where count; is the number of pixels in bin j. The temporal feature is defined as

the normalized frame index:
1
themp(-Fi) = N S [0; 1] (320)

Additionally, to capture motion dynamics, the algorithm incorporates temporal

features such as frame differences (Al; = |I; — I;_1]), which provide a robust
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representation of temporal evolution. The composite feature vector is:
‘CC/ = [h‘za ¢temp(Fi)7 xtemporal] € Rh+1+m (321)

where h; € R" is the normalized color histogram, Gremp(F;) € R is the temporal
position, Tiemporal € R™ includes motion-based features (e.g., frame differences),
and h + 1 4+ m is the augmented feature space dimensionality. To balance the
contributions of visual and temporal components, the feature vectors are stan-
dardized:

x, — (x)

=" 9 i1 h+14m (3.22)
! €

%) and (2)) are the mean and standard deviation of the j-th feature

dimension across all frames.

where (z

The new objective function for K-means clustering is:

K

T =33 =l (3.23)

=1 2'eC;

where p; € R"1™ i the centroid in the augmented feature space. The inclusion
of temporal features increases the feature space dimensionality, enabling better
separation of frames with similar visual content but distinct temporal behaviors,
thus reducing redundancy in keyframe selection.

To optimize the number of clusters, the silhouette score is employed:

b(i) — a(i)

) = (@), b))

(3.24)

where a(i) = ﬁ > e, i 1T; — @f||* is the average intra-cluster distance for
frame 4, and b(i) = ming.c, ﬁ > ice, lwi — 25||? is the average distance to the
nearest neighboring cluster. The peak silhouette score at K = 12 (Figure 3.8) in-
dicates optimal cluster separation, balancing the contributions of color histograms
and temporal features.

Stability of Clustering: Clustering stability is critical for ensuring that
keyframes reflect the sequential narrative of the video. Without temporal fea-
tures, cluster assignments exhibit frequent transitions due to minor variations in

color histograms, leading to high variance in cluster labels:

T
1 _
Ulzabels = T E (lt - Z)Q (325)
t=1
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where [, € {1,..., K} is the cluster label of frame ¢, [ = %ZL l; is the mean
label (approximated as a continuous variable), and 7' is the number of frames.
High of, .. indicates unstable clustering, as observed in Figure 4.1 and Figure
4.2 without temporal features, resulting in redundant keyframes.

With temporal features, the augmented feature vector 2’ incorporates sequen-
tial context, reducing abrupt label changes. The temporal components (Ptemp (F7)
and Ttemporal) €nsure that frames with similar motion patterns or temporal posi-

tions are grouped together, minimizing label variance:
T
o-gbels = Z l/ - l (326)
where [] is the cluster label with temporal features, and I' = £, 1l’ The
reduced o734, reflects stable clustering, as shown in Figure 4.1 and Figure 4.2,
where smoother cluster transitions indicate lower variance.
Stability is further quantified by the transition probability matrix P, where

P,; = P(li11 = jll: = i) represents the probability of transitioning from cluster ¢

to cluster j. Without temporal features, P exhibits high entropy:

K K
==Y ") PylogP; (3.27)

i=1 j=1

With temporal features, the transition matrix P’ has lower entropy, as P}, ~ 1,
reflecting the smoother transitions in Figure 4.1 and Figure 4.2 (subplot c).
Necessity of Smoother Transitions : Smoother transitions ensure that
keyframes maintain narrative continuity, critical for capturing significant mo-
ments (e.g., scene changes or action peaks) in violence detection. Abrupt tran-
sitions lead to disjointed keyframes, undermining temporal coherence. This is

quantified by the temporal coherence metric:

1 «— )40 — 2]
Cremp = 71 ZGXP (—%> (3.28)

where ||z}, —}||* is the squared Euclidean distance between consecutive frames’
feature vectors, and o2 is a scaling parameter. Higher Cley, indicates smoother
transitions, as temporal features reduce the distance between consecutive frames.

The smoothness is also modeled by the expected change in cluster assign-

ments:

T-1
1
A‘crauns = m Z (l/ 7£ lt+1) (329)
t=1
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where I is the indicator function. Temporal features reduce Agns, ensuring
keyframes capture the continuous evolution of events.

Superiority over K-means: The proposed algorithm’s superiority stems
from the augmented feature space R"*1+™ which enables better separation of
frames with similar color histograms but distinct temporal behaviors. The tradi-
tional K-means objective (||z — j;]|?) is limited to visual similarity, often grouping
redundant frames. The proposed objective (|2’ — p]|?) incorporates temporal dy-
namics, increasing inter-frame distances for temporally distinct frames. Variance

decomposition illustrates this:

H.f/ — ,M;”2 - th - ,ui,histH2 + H¢temp - ,ui,tempH2
+ ||xtemp0ral - ﬂi,temporal”2 (330)
+ 2COV(hz', ¢temp7 xtemporal)

The temporal variance component:

Vartemp = Z (||¢temp - ,ui,temp”2 + ||xtemporal — ,ui,temporalHQ) (331)

z'eC;

ensures coherent clustering, reducing redundancy.

The Davies-Bouldin (DB) index quantifies cluster separation, defined as:

K
1 S; + 8
DB =—) max | —— (3.32)
K &~ j#i ij
i=1
where s; = \Fll > wec, 7' —pi||? is the average intra-cluster distance for cluster C,

and d; = || — pf]|? is the squared Euclidean distance between centroids p; and
,u;-. A lower DB indicates better cluster separation, with compact clusters and
large inter-cluster distances. In the context of keyframe extraction, the proposed
algorithm, which integrates color histograms and temporal features (e.g., normal-
ized frame index Qiemp(F;) = %, frame differences Al = |I; — I;_1|, achieves a
lower DB compared to traditional K-means, as evidenced by the improved cluster
separation in Figure 4.1 and Figure 4.2 (subplots a and b) [63]-[64].

For traditional K-means, the DB index was computed as DB = 1.05, reflecting
moderate separation due to visual similarity alone. The proposed algorithm
achieved a lower DB = (.62, indicating superior cluster separation. These values
confirm the effectiveness of the augmented feature space in reducing intra-cluster
variance and increasing inter-cluster distances.

The silhouette coefficient serves as a discerning metric for evaluating the effi-

cacy of clustering methodologies. For an individual data point 7, its formulation
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Figure 3.7: Extracted key frames for a Fire class sample video.

is articulated as follows:
b(i) — a(i)

max{a(i),b(i)}

s(i) = (3.33)

where:

e a(i): the mean Euclidean separation from i to all fellow constituents within

its designated cluster, encapsulating the notion of intra-cluster coherence,

e b(i): the minimal average distance from i to the constituents of any dis-

parate cluster, embodying the principle of inter-cluster divergence.

The value of s(7) oscillates between -1 and 1, with elevated magnitudes signifying
superior clustering fidelity. The aggregate silhouette coefficient for a specified K
is derived by computing the arithmetic mean of s(i) across the entire dataset.
In our investigation, the apex of this coefficient was observed at K = 12, as

delineated in Figure 3.8.

3.9 Feature Extraction

Feature extraction is a critical step in video violence classification, enabling the

identification of spatial and temporal patterns within video sequences to dis-
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Figure 3.8: Silhouette score visualization: the silhouette scores calculated for
various values of K ( peak at K =12 ).

tinguish between classes such as “Normal,” “Clash,” “Fire,” and “Shooting.”
In the proposed architectures—ConvLSTM, 2D CNN + LSTM/BiLSTM, Vi-
sion Transformer, and MoViNet-AO—diverse strategies are employed to cap-
ture these patterns effectively. ConvLSTM integrates convolutional operations
within recurrent LSTM cells to jointly model spatial details (e.g., fire textures)
and temporal dynamics (e.g., clash escalation) across frames. The 2D CNN
+ LSTM/BILSTM approach separates these tasks, using a 2D CNN (e.g., Mo-
bileNetV2) for spatial feature extraction per frame, followed by LSTM or BiLSTM
for temporal dependency modeling. The Vision Transformer adapts a hybrid
convolutional-transformer framework, tokenizing keyframes with a convolutional
tokenizer and leveraging multi-head self-attention to encode spatio-temporal re-
lationships. Meanwhile, MoViNet-AO employs a lightweight, mobile-optimized
design with causal convolutions and stream buffers to extract temporal features

across sub-clips, enhancing efficiency and receptive field coverage.

3.9.1 ConvLSTM

The ConvLSTM architecture is engineered to meticulously dissect a video se-
quence denoted as X = {X;, Xs,..., X7}, wherein each frame X, € RIXWxC

encapsulates dimensions of height H, width W, and channels C'. By orchestrat-
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ing convolutional operations within LSTM cells, this framework adeptly captures
intricate spatial configurations, such as the presence of flames, alongside temporal
evolutions, exemplified by the intensification of confrontations. The ConvLSTM

modulates information propagation through a sophisticated ensemble of gating

mechanisms.
| Feature Extraction | Classification
|
3 HIRRRE ]
= -
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£ | AEHHEIAEHERAHEARE
s wnislels 7)) E O |+= A ;‘ ol = 2
= Slela].e A ‘5 A |2 = Z A= = g
A ERENAHEERE AEIRERIE
5|5 [ = e | = [ =]
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Figure 3.9: The ConvLLSTM architecture for feature architecture.
The input gate, delineated in Equation (3.34), is formulated as:
it = 0'(I/Vg[;Z * Xt + Whi * Ht—l + Wci ©O) Ct—l + bl), (334)

where i, € R >*W'*D represents the activation of the input gate at temporal
instance t, dictating the extent to which novel input is assimilated into the cell
state; o denotes the sigmoid function, constraining outputs to the interval [0, 1];
Wi % X, signifies the convolution of the current frame X; with the input-to-input
weight tensor W,;, extracting salient spatial attributes; Wj; x H;_; encapsulates
the convolution of the antecedent hidden state H; ; with the hidden-to-input
weight tensor Wj;, integrating historical spatial context; W,.; ® C;_; involves the
Hadamard product of the prior cell state C;_; with the cell-to-input weight tensor
W.;, infusing memory-driven influences; and b; constitutes the bias vector for the
input gate.

Subsequently, the forget gate, articulated in Equation (3.35), is expressed as:

=Wy Xy + Wiy Hi_y + Wep © Ci_y + by), (3.35)

where f, € RT>W'XD embodies the forget gate activation, adjudicating which
facets of the preceding cell state warrant retention or obliteration; Wy * X; rep-
resents the convolution of the input X, with the input-to-forget weight tensor
Way, gauging the pertinence of contemporary input; Wjs * H,_; is the convolu-
tion of the prior hidden state H,_; with the hidden-to-forget weight tensor Wj,

reflecting antecedent information; W,y ©® C;_; entails the Hadamard product of
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the previous cell state C;_; with the cell-to-forget weight tensor W.;, modulating
memory preservation; and by serves as the bias vector for the forget gate.

The cell state update, explicated in Equation (3.36), is delineated as:
Ot = ft ® Ct—l + Z't ® tanh(ch * Xt + th * Ht—l + bc), (336)

where C; € RT>*W'™D constitutes the refreshed cell state at time ¢, enshrining
protracted memory; f; ©C}_; involves the Hadamard product of the forget gate f;
with the antecedent cell state C;_1, determining retained information; i, © tanh(-)
reflects the Hadamard product of the input gate ¢, with the candidate cell state,
governing the influx of novel data; W, * X; denotes the convolution of the input
X; with the input-to-cell weight tensor W,., distilling emergent spatial features;
Whex Hy_1 is the convolution of the prior hidden state H;_; with the hidden-to-cell
weight tensor W), embedding historical context; tanh represents the hyperbolic
tangent function, normalizing the candidate state to [-1, 1]; and b. is the bias
vector for the cell state.

The output gate, as specified in Equation (3.37), is formulated thus:
0 = 0(Wao Xy + Wiox Hi_1 + Weo, © Cy + b,), (3.37)

where o, € RT*W'xD gionifies the output gate activation, arbitrating which seg-
ments of the cell state are propagated to the output; W,,* X} is the convolution of
the input X; with the input-to-output weight tensor W,,, appraising the influence
of the current input; Wp,, * H;_; represents the convolution of the prior hidden
state H;_; with the hidden-to-output weight tensor W), factoring in historical
data; W,, ® C} entails the Hadamard product of the current cell state C; with
the cell-to-output weight tensor W,,, incorporating memory contributions; and
b, is the bias vector for the output gate.

Ultimately, the hidden state, encapsulating spatio-temporal characteristics, is
derived via Equation (3.38):

Ht =0 © tanh(C't), (338)

where H, € RI>*W'*D constitutes the hidden state at time ¢, functioning as
the ConvLSTM cell’s output; o; ® tanh(C;) represents the Hadamard product
of the output gate o, with the tanh-transformed cell state tanh(C}), calibrating
the final emission; and tanh ensures the cell state values are confined to [-1, 1].
The hidden state H;, with dimensions contingent upon the convolutional kernel,

undergoes subsequent processing through architectural layers such as Flatten and
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Dense to facilitate classification tasks. This configuration is illustrated in Figure
3.9, comprising three ConvLSTM modules (Block 1 to Block 3), each integrating
ConvLLSTM, Evo-Norm-S0, MaxPool, and Time Distributed layers.

3.9.2 2D CNN + LSTM/BiLSTM

The 2D CNN + LSTM architecture is a two-stage approach designed for fea-
ture extraction and classification in video violence detection, effectively handling
the Political Violence dataset’s four classes by separating spatial and temporal
processing. This section outlines the methodology, including the mathematical
formulations of the spatial feature extraction using a 2D CNN and the temporal
modeling using an LSTM or bidirectional LSTM (BiLSTM), Figure 3.10.
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Figure 3.10: The 2D CNN + LSTM/ BiLSTM architecture .

3.9.2.1 Spatial Feature Extraction with 2D CNN

The process begins with a 2D convolutional neural network (CNN) extracting
spatial features from each frame of a video sequence X = {X, X5, ..., X¢},
where X, € REXWXC yepresents a frame at time ¢ with height H, width W, and

channels C' (e.g., 3 for RGB). The CNN processes each frame independently as
follows:

F, = CNN(X,) (3.39)

Here, CNN(-) denotes the convolutional operation (e.g., using MobileNetV2),
involving convolution, pooling, and flattening, resulting in a feature vector F; €
RP, where D is the dimensionality of the feature space. These spatial features
F ={F, F,,..., Fr} capture patterns such as edges and textures within individ-

ual frames but do not account for temporal relationships.
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3.9.2.2 Temporal Dynamics Elucidation via LSTM

The continuum of spatial feature representations F' is subsequently channeled
into a Long Short-Term Memory (LSTM) apparatus to meticulously delineate
temporal interdependencies spanning sequential frames. The LSTM orchestrates
the evolution of its internal states at each temporal juncture ¢ through an intricate

series of computational transformations, articulated as follows:

fi =Wy - [Hi—1, Fi] + by) (3.40)

where f; constitutes the activation of the forget gate, adjudicating the selective

expurgation of information from the antecedent cell state; o(z) = repre-

1
Tte =
sents the sigmoid activation function, constraining outputs within the continuum
[0, 1]; W, and by denote the weight matrix and bias vector, respectively; and
[H;_1, F}] signifies the concatenation of the preceding hidden state H; ; with the

contemporaneous input Fj.

iy = o(Wi - [Hy_1, F}] + b)) (3.41)

where i; embodies the input gate’s activation, exercising dominion over the as-
similation of nascent information, with W; and b; serving as its corresponding

weight matrix and bias vector.

Ct = ft ® Ct—l + Z.t ® tanh(WC . [Ht—la Ft] + bc) (342)

where C; delineates the reconstituted cell state, perpetuating memory across

time; ©® indicates the Hadamard product, facilitating element-wise modulation;
che?

tangent normalization upon the candidate update, regulated by the weight matrix

Cy_1 represents the prior cell state; and tanh(z) = imposes a hyperbolic

W, and bias vector b,.

0 = (W, - [Hy_1, F}] +b,) (3.43)

where o; manifests as the output gate’s activation, arbitrating the selective dis-
semination of cell state constituents, governed by the parameters W, and b,, the

weight matrix and bias vector, respectively.

H; = 0; © tanh(Cy) (3.44)

where H, € RP» emerges as the hidden state, endowed with dimensionality Dy,

encapsulating the temporal dynamics requisite for subsequent classification en-
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deavors.

3.9.2.3 Bidirectional LSTM Extension

In some implementations, a bidirectional LSTM (BiLSTM) is used to process
the sequence in both forward and backward directions, enhancing contextual

understanding;:

H, = [H,, 1T} (3.45)

where ﬁt and E are the hidden states from the forward and backward passes,

respectively, concatenated to form H;.

3.9.3 Vision Transformer

The core architecture synergizes convolutional neural networks (CNNs) for spatial
feature extraction with transformers for temporal modeling, classifying videos

into categories such as “Fire,” “Clash,” “Normal,” and “Shooting.”
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Figure 3.11: Overview of the Compact Convolutional Transformer (CCT)
pipeline for video violence classification.

224,224.3

3.9.3.1 Input Processing and Convolutional Tokenizer

The input video, a variable-length RGB frame sequence, is processed to extract

12 keyframes (shape: (12, 224, 224, 3)). The convolutional tokenizer employs a
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Conv2D layer with 64 filters, a 3x3 kernel, stride 1, and “same” padding, followed
by ReLU activation:

x1 = max(0, Wy * z¢ + by) (3.46)

RU2x112x64 117 i the weight matrix, and b; is the bias. A

MaxPool2D layer (2x2 pool size, stride 2) reduces spatial dimensions:

where x; €

x9 = MaxPool(z) (3.47)

The input video, a variable-length RGB frame sequence, is processed to ex-
tract 12 keyframes (shape: (12, 224, 224, 3)). The convolutional tokenizer em-
ploys a Conv2D layer with 64 filters, a 3x3 kernel, stride 1, and “same” padding,
followed by ReLLU activation. After further processing, the output is tokenized
into a sequence of shape (12, 112, 112, 256), adapting the original CCT for video

analysis.

3.9.3.2 Transformer Encoder

The transformer encoder processes the tokenized sequence (12, N, d), where N =
112 x 112 = 12,544 and d = 256, using multi-head self-attention (MHSA) with 4
heads:

MHSA(Q, K, V) = Concat(heady, . . ., head) W (3.48)

Each attention head is computed as:

Q K\T
head; = Softmax QW(KWT) vwY (3.49)
V64

Layer normalization stabilizes training:

LN(z) = % v+ B (3.50)

where 1 and o are the mean and standard deviation, and v and [ are learnable

parameters. Residual connections preserve gradient flow:

Zous = @ -+ MHSA (LN(2)) (3.51)

The encoder outputs a sequence (12, N, d) with 5.94 million parameters,

balancing efficiency and performance.
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3.9.3.3 Sequence Pooling

Sequence pooling condenses the encoded sequence by averaging across the tem-

poral dimension:

12

1
Spooled = E Z Sout,t (352)
t=1

producing a vector of shape (1, 256), efficiently summarizing spatio-temporal

dynamics.

3.9.3.4 Classification Head

The classification head maps the pooled vector to 4 classes via a linear layer:

z = WclassSpooled + bclass (353)

where Wepass € R¥? and bgaes € R*. Softmax activation yields class proba-
bilities:

g = Softmax(z) (3.54)
defined as:
Softmax(z;) = 46—1 (3.55)

Zj:l e
Our model builds on the CCT’s hybrid convolutional-transformer framework
but introduces significant divergences tailored for video violence classification.
Unlike the original CCT, which focuses on static image classification, our ap-
proach extends to video by incorporating temporal modeling. This is achieved
through sequence-based attention across keyframes, adapting the transformer’s

self-attention mechanism:

: QK™
Attention(Q, K, V) = Softmax (| —— | V (3.56)
Vdy

where d;, = 64, contrasting with CCT’s spatial attention within a single image.

3.9.4 Mobile Video Networks(MoViNet-A0)

Processed frames are passed through MoViNet-AO model to extract features and
finally classify violent activities. The multi-clip MoViNet-A0 architecture is de-

signed to enhance temporal feature extraction through a novel causal stream
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buffer mechanism. Temporal features refer to the time-based patterns and se-
quences inherent in video data, such as motion dynamics, activity sequences, and
contextual transitions between frames. These features play a critical role in dis-
tinguishing violent activities, as violence often involves actions that unfold over
time (e.g., progressive escalation, repetitive motion). MoViNet-AQ architecture
comprises multiple inner convolutional operations, where causal operations are
strategically applied between non-overlapping sub-clips. By doing so, the design
significantly expands the receptive fields, allowing the model to capture more
comprehensive temporal dependencies compared to conventional architectures.
The integration of a stream buffer further distinguishes this model, facilitating

improved processing of temporal information across different clips, Figure 3.12.
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Figure 3.12: Overview of the multi-clip MoViNet-A0 with causal stream buffer
architecture.

3.9.4.1 Backbone

The MoViNet-A0[48] stands as a paragon of computational efficiency, meticu-
lously architected for the nuanced task of video content analysis on devices where
computational resources are at a premium.

The MoViNet-A0 framework is delineated by an expansive search domain en-

compassing a constellation of inverted bottleneck strata, each demarcated by a
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3.9— Feature Extraction

heterogeneous array of filter breadths, bottleneck constrictions, block profundi-
ties, and kernel magnitudes pertinent to individual layers. The ingress dimension-
ality is stipulated as (3,8,172,172). Within the precincts of each network block,
an exhaustive exploration is prosecuted across the foundational filter breadth,

base whilst the quantum of layers, denoted L, is circumscribed to

symbolized as ¢
a pinnacle of four reiterations.

A different number of feature map channels is utilized within each block. The
configuration includes n = 5 blocks, with strided spatial down-sampling applied
to the first layer in every block except for the fourth block. This design choice
ensures that the final block maintains a spatial resolution of 5%. The feature map
channels are progressively increased across the blocks. The final convolution layer
features a base filter width followed by a dense layer with 2048 dimensions, leading
to a classification layer that consists of four neurons. To accommodate the new
time dimension, a 3D kernel size is defined for each layer as k"¢ x (kP%¢)? ge-
lected from the following options: {1x5x5, 5x1x1, 7Tx1x1, 3x3x3, 5x3x3}.
These options allow each layer to concentrate on and aggregate various dimen-
sional representations while effectively expanding the network’s receptive field in
relevant directions. It is noted that certain kernel sizes may benefit from differ-
ing numbers of input filters; therefore, a range for bottleneck widths c#*P*"¢ is

base

explored, defined as multipliers between 2.0 and 3.5 relative to ¢"**¢. Each layer

is surrounded by two 1 x 1 x 1 convolutions that facilitate expansion and projec-

base and c#*P¢, No temporal down-sampling is applied to support

tion between ¢
frame-wise predictions. Additionally, essential components of this architecture
include the stream buffer and CausalConv. The stream buffer is equipped with
temporally unidirectional causal operations such as causal convolution, cumula-

tive pooling, and causal squeeze-and-excitation mechanisms.

3.9.4.2 Stream Buffers

Stream Buffers stand as custodians of continuity within the MoViNet-AQ, assid-
uously preserving feature activations at the periphery of subclips. This ingenious
mechanism ensures an uninterrupted temporal perspective is maintained across
subclips whilst steadfastly keeping memory consumption in check. The math-
ematical formalism underpinning this concept can be articulated as Equation
3.57T:

Fy = f(Bi © Tap,) (3.57)

Herein, F; encapsulates the computed feature map, B; symbolizes the buffer
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tensor, and f embodies a spatiotemporal operation such as 3D convolution.

3.9.4.3 Causal Convolution

The Causal Convolution stands as a bulwark against the encroachment of future
information into present predictions. By enshrining causality within convolu-
tion operations, it guarantees that each temporal output remains untainted by
forthcoming data. This principle can be succinctly expressed through Equation
3.58:

Fout[ﬂ = En[t] * k[t] (358)

In this relation, convolution is denoted by *, k[t] represents a causal kernel,

and Fou[t], Finlt] signify the output and input feature maps correspondingly.

3.9.4.4 Squeeze-and-Excitation Mechanism

The Squeeze-and-Excitation block serves as a sophisticated conduit for channel-
wise feature recalibration within MoViNet-A(Q. It operates on the premise of
distilling spatial information into channel descriptors before invigorating them

with learned modulation weights. Its operation unfurls as Equation 3.59:

S, = Fyy(U), E.= F..(S.,W) (3.59)

Wherein U stands for input feature maps, S. heralds the squeezed channel
descriptor, K. embodies the excitation operation with learned parameters W, and
functions Fy,(-) and F,,(-,-) delineate squeeze and excitation operations respec-
tively [65].

3.9.4.5 Cumulative Global Average Pooling (CGAP)

In our adaptation of the MoViNet-AO model, we leverage the existing Cumula-
tive Global Average Pooling (CGAP) framework. This technique is pivotal for
capturing the temporal evolution of features within video sequences, an essential
aspect for discerning between various classes of events.

The CGAP operation accumulates activation tensors over time to form a com-
prehensive representation of each video segment. The mathematical formulation
of CGAP can be expressed as Equation 3.60:

To
1
CCGAP(z,Ty) = i > (3.60)
t=1
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where x represents the tensor of activations at each frame, and T, denotes the

temporal extent for pooling.

3.9.4.6 Fine-tuning

In our experimental analysis, a refined strategy is employed to enhance the
MoViNet-AO model by selectively unfreezing specific layers crucial for the net-
work’s learning effectiveness. Unfreezing the n-th layer using Equation 3.61 means
unfreezing the last n layers of the model, allowing us to optimize their parameters
and improve the model’s ability to distinguish between various event classifica-

tions.

@ft = 071—3’ 9n—2a en—la Qn (361)

In this notation,Oy; represents the collection of parameters from the last ( n
) layers designated for fine-tuning, where ( n ) is the total number of layers in
the model.

3.10 Classification

In the culminating phase of categorical adjudication, the distilled attributes em-
anating from the model, encapsulated within a feature vector F' € R?, where
d denotes the expanse of the feature manifold, are harnessed to prognosticate
the probabilities attendant to distinct classes. These attributes, which embody
the quintessential archetypes assimilated from the antecedent data, are shep-
herded through a fully interconnected stratum succeeded by a softmax activation
paradigm. This intricate procedure transmutes the features into a constellation
of C' categorical delineations (e.g., “Fire,” “Clash,” “Normal,” and “Shooting”

for an instantiation where C' = 4), as articulated by the following expression:

y = Softmax(W F + b) (3.62)

where W € RY*9 is the weight matrix of the classification layer, b € R¢
is the bias vector, and § € R® represents the probability distribution over the
classes, satisfying Zil y; = 1. The softmax function ensures that the output
is interpretable as a confidence score for each class, making this approach appli-
cable across various model architectures, from convolutional neural networks to

transformer-based frameworks, for tasks requiring categorical predictions.
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3.11 Conclusion

In this chapter, we describe a detailed methodology for the computer-aided detec-
tion of political violence in video that incorporates the Political Violence Dataset
developed through advanced algorithmic tools. The dataset consists of 480 clips
in Normal, Clash, Fire and Shooting classes, collected through social media, and
is annotated with high reliability (Cohen’s Kappa 0.90), as well as preprocessed
via histogram equalization and normalization for improvement of feature discrim-
inability. The K-means clustering based key frame extraction method that we
proposed, uses a combination of temporal and pixel level features to make sta-
ble representative frame selection that leads to a small value of Davies-Bouldin
index (0.62) as compared to the classical ones (1.05). Feature extraction is im-
plemented using ConvLLSTM, 2D CNN + LSTM/BIiLSTM, Vision Transformer,
and MoViNet-AQ (finetuned for efficiency). During the classification stage, the
softmax is applied to predict probabilistic classes, thus ensuring robust multi-
class violence detection. This approach provides a flexible, accurate framework
for real-time monitoring, successfully overcoming the limitations of the datasets

and the computational cost.
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Chapter 4

Results and Discussions

4.1 Introduction

This section provides an in-depth evaluation of the performance of the methodolo-
gies we implemented for classifying violence in videos. It encompasses a detailed
discussion of the various evaluation metrics utilized, along with the results ob-
tained from the different models applied in this study. Additionally, this section
delves into an error analysis of the proposed model, offering insights into its lim-
itations and strengths, and includes a comparative assessment of its performance

against other established techniques in the field.

4.2 Experimental Requirements

Table 4.1: Environmental Details of the System Setup: Hardware and Software
Specifications

Hardware | Specification Software | Version
GPU NVIDIA A100 40GB CUDA 11.2
CPU AMD EPYC 7763 64-Core Processor | Python 3.8
RAM 512 GB DDR4 PyTorch | 1.9.0
Storage 2TB NVMe SSD OpenCV | 4.5.3

To ensure the reliability of our experiments for video violence classification, we
conducted all tests within a well-defined computational environment. Table 4.1
provides a detailed overview of the system setup, encompassing both hardware
and software specifications. The hardware configuration includes an NVIDIA
A100 40GB GPU, an AMD EPYC 7763 64-Core Processor, 512 GB of DDR4
RAM, and a 2TB NVMe SSD, which collectively enable efficient processing of

large video datasets and training of deep learning models. On the software side,
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4.4— Evaluation of Keyframe Extraction Algorithm

we utilized CUDA 11.2 for GPU acceleration, Python 3.8 as the programming
language, PyTorch 1.9.0 as the deep learning framework, and OpenCV 4.5.3
for video processing tasks. This carefully curated environment ensures that our
proposed keyframe extraction algorithm and classification models can be executed

efficiently, supporting the computational demands of our experimental workflow.

4.3 Evaluation Measures

To evaluate the model’s performance, we focused on key metrics: accuracy, F1
score, precision, recall, and parameter count, in Equations 4.1-4.4 . Since all
datasets in this study were balanced, we compared our results with existing lit-

erature based on accuracy and parameter count.

TP + TN

Ao = 4.1
TP+ TN +FP + FN (4.1)

TP
Ph=——— 4.2
TP + FP (42)

TP
S, = 43
TP + FN (43)

2 x Pn x St

F1 = — 4.4
score Pt St (4.4)

where TP, FP, TN, FN, A, P,, and S, refer to true positive, false positive, true

negative, false negative, accuracy, precision, and sensitivity.

4.4 Evaluation of Keyframe Extraction Algorithm

To rigorously evaluate the efficacy of our proposed keyframe extraction algorithm,
as detailed in Algorithm 2, we present a quantitative analysis through two visu-
alizations focusing on the Clash and Fire classes, illustrated in Figure 4.1 and
Figure 4.2. These visualizations leverage mathematical metrics to demonstrate
the impact of temporal features on cluster separation, stability, and narrative
coherence, building on the framework established in the algorithm description
[63]-[64]. The evaluation employs previously defined metrics, such as label vari-
ance, transition entropy, temporal coherence, transition change, and the Davies-
Bouldin index, augmented with new derived metrics to provide deeper insights
into the algorithm’s performance. Below, we detail each visualization, grounding

the analysis in these quantitative measures.
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Figure 4.1: Clash class clustering results with and without temporal features.
Subplots (a) and (b) show 2D PCA-reduced clusters, with improved separation
for the proposed algorithm (Davies-Bouldin index DB = 0.62, cluster cohesion
ratio R.). Subplot (c) illustrates smoother transitions, with higher temporal
smoothness index (Siemp) and narrative continuity score (Neont)-

~ 10000 ° £
g Wty Soe L " o
2
S 0 [ > e °
3 ese0® o . ° (]
§ - i
< -10000 ® 4
g 3 ° POy
~10000 -5000 0 5000 10000 15000
PCA Component 1
(a) Clustering without Temporal Features
S OX
€ [ ]
g 10000 4 L]
g . -
S i s * o a
<
& 10000 4 Roeoamem B
—30000 —20000 ~10000 0 10000 20000 30000

PCA Component 1
(b) Clustering with Temporal Features

-
15

—— With Temporal Features

E = Without Temporal Features
2
- ]
S L |
0+ T T T T T T
0 100 200 300 400 500

Frame Index
(c) Cluster Assignments Over Time

Figure 4.2: Fire class clustering results with and without temporal features.
1. Cluster Assignments Over Time: This visualization tracks the clus-

ter labels assigned to each frame across the video sequence, quantifying

stability through previously defined metrics (label variance and transition

50



4.4— Evaluation of Keyframe Extraction Algorithm

entropy) and a new cluster cohesion ratio. For traditional K-means, relying
solely on color histograms, the high variance in cluster labels and elevated
transition entropy indicate frequent label changes, as observed in Figure 4.1
and Figure 4.2 (subplot c¢). These instabilities arise from the algorithm’s
focus on visual similarity, which fails to capture sequential context, leading

to erratic clustering.

The proposed algorithm, incorporating temporal features (normalized frame
index and frame differences), achieves lower label variance and transition
entropy, reflecting stable cluster assignments. To further quantify cluster

quality, we define the cluster cohesion ratio:

K
% D i Si

1 K
K(K-1) Zz’:l Zj;éi dij

R.= (4.5)

where s; is the average intra-cluster distance, and d;; is the inter-cluster
centroid distance, as defined in the Davies-Bouldin index. A lower R, indi-
cates compact clusters relative to their separation. For traditional K-means,
R, =~ 0.45, reflecting moderate cohesion due to visual feature overlap. The
proposed algorithm yields R, ~ 0.28, indicating tighter clusters, as visual-
ized in Figure 4.1 and Figure 4.2 (subplots a and b). The Davies-Bouldin
index, with DB = 1.05 for K-means and DB = 0.62 for the proposed al-
gorithm, further confirms superior separation, with PCA-reduced clusters

showing reduced overlap in subplots a and b.

. Selected Representative Frames: This visualization assesses the keyframes
selected as the frames closest to each cluster centroid, emphasizing their
narrative coherence through a new temporal smoothness index and nar-
rative continuity score. Traditional K-means selects keyframes based on
visual salience, often resulting in narratively disjointed frames, as seen in
Figure 4.1 and Figure 4.2 (subplot ¢), due to high transition change and

low temporal coherence.

The proposed algorithm’s augmented feature space ensures keyframes re-

flect the video’s temporal progression. We define the temporal smoothness

K-1 / / 2
1 Ty — I
Stemp - 7 1 eXp <_ || I i || ) (46)

K-1 o2
k=1 s

index:

where 7', is the feature vector of the k-th keyframe (sorted by frame index),
and o2 is a scaling parameter based on feature variance. Higher Stemp indi-

cates smoother transitions between keyframes. For the proposed algorithm,
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Stemp ~ 0.85, compared to Siemp ~ 0.60 for K-means, reflecting smoother

keyframe sequences in Figure 4.1 and Figure 4.2 (subplot ¢).

Additionally, we introduce a narrative continuity score:

N . i EK: 1— Hx,fk,temporal - ﬂik,temporal“z (4 7)
cont — K £ .

\/vartemp,i]C

where x’fk’temporal is the temporal feature of the k-th keyframe, 1, temporal
is the temporal component of its cluster centroid, and Variemp,, is the
temporal variance of cluster ix. Higher N, indicates keyframes closely
aligned with their cluster’s temporal dynamics. The proposed algorithm
achieves Neone & 0.90, compared to Neon &~ 0.70 for K-means, as keyframes

better capture the narrative flow.

For the Clash class (Figure 4.1), temporal features enable keyframes to
reflect dynamic interactions (e.g., conflict build-up and resolution), with
high Stemp and Neont. For the Fire class (Figure 4.2), keyframes capture
evolving stages (ignition, spread, extinguishment), supported by low R.
and DB = 0.62. The silhouette score peak at K = 12 (Figure 3.8) en-
sures optimal cluster selection, aligning keyframes with the video’s narra-

tive structure.

4.5 Redundancy Reduction of Keyframe Extrac-
tion

Our proposed Algorithm 2 extends the traditional K-means clustering by incor-
porating a weighted feature space to enhance keyframe selection. The feature
vector for each frame is defined as F; = [Lyorm,is Tnorm.:), where Lo ; represents
the normalized average pixel intensity, and the normalized temporal feature is
given by

1
Tnormi = 4.8
= (49

with ¢ being the frame index and N the total number of frames. The features
are weighted with w; = 0.4 and wy = 0.6, emphasizing temporal diversity. The

clustering objective minimizes the weighted Euclidean distance, formulated as

dAlgorithm Q(Fia Cj) - \/wl(-[norm,i - Ctj,])2 + wT(Tnorm,i - Cj,T)2 (49)

where C; = [C} 1, C;r| denotes the centroid of cluster j, and K = 12 clus-

52



4.5— Redundancy Reduction of Keyframe Extraction

ters are specified. Keyframes are selected as the frames closest to each centroid
based on this distance metric, ensuring diversity across both visual and temporal
dimensions. This approach reduces redundancy by balancing visual similarity
with temporal progression, making it particularly effective for applications such
as violence detection in surveillance footage.

The Table 4.2 details the keyframes selected by K-means clustering algorithm,
which is based solely on the average pixel intensity (/) of each frame. The clus-
tering minimizes the Euclidean distance dx means(Li, C;) = |I; — C;|, where I;
represents the intensity of frame 4, and C; denotes the centroid of cluster j, with
K = 12 clusters specified. The selected keyframes, indexed at [3, 19, 23, 53,
61, 82, 105, 130, 153, 189, 198, 203], exhibit corresponding intensities ranging
from 80.91 to 122.06. Notably, the narrow intensity range for later frames (e.g.,
189-203 with intensities 80.91-90.45) suggests high redundancy, as the absence
of temporal consideration limits the algorithm’s ability to capture narrative di-

versity across the video.

Table 4.2: K-means Keyframes (k=12).

Keyframe Index | Intensity
3 98.01
19 100.26
23 104.35
53 117.53
61 122.06
82 115.47
105 108.31
130 113.24
153 111.16
189 80.91
198 90.45
203 88.39

The Table 4.3 details the keyframes selected by the proposed Algorithm 2,
which extends K-means clustering by incorporating a weighted feature space that
combines both visual and temporal dimensions. The selected keyframes, indexed
at [7, 21, 34, 52, 61, 77, 95, 124, 147, 164, 183, 199], exhibit intensities ranging
from 80.95 to 122.06 and temporal features spanning 0.03 to 0.98, demonstrat-
ing a balanced distribution across the video timeline. This approach mitigates
redundancy by capturing both visual and temporal diversity, as evidenced by the
broader temporal spread compared to K-means.

Figure 4.3 presents the results of K-means clustering applied to video frames

using visual features alone, with the number of clusters set to & = 12. Each
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Table 4.3: Proposed Algorithm Keyframes (k=12).

Keyframe Index | Intensity | Temporal Feature
7 99.04 0.03
21 102.94 0.10
34 110.18 0.17
52 117.02 0.25
61 122.06 0.30
7 113.94 0.38
95 114.36 0.47
124 111.27 0.61
147 104.11 0.72
164 114.92 0.80
183 80.95 0.90
199 89.44 0.98

cluster groups frames that are visually similar, without considering their tempo-
ral positions in the sequence. As shown in the figure, this can lead to clusters
that contain frames from both early and late parts of the video, mixing tempo-
rally distant content. This mixing results in clusters that may encompass diverse
actions or scenes, reducing the coherence of each group from a temporal perspec-
tive. Consequently, choosing a single representative frame from each cluster may
cause loss of significant action frames while retaining visually redundant ones.
This figure highlights a key limitation of purely appearance-based clustering for
video violence detection.

Figure 4.4 illustrates the cluster assignment over time using the proposed al-
gorithm, which integrates both temporal and visual features for grouping video
frames. Unlike the standard K-means approach shown in Figure 4.3, which only
considers visual similarity and often groups temporally distant frames together,
the proposed method tends to cluster adjacent frames, preserving the temporal
structure of the video. This results in more coherent clusters where similar ac-
tions occur in close proximity, allowing for more accurate keyframe selection. By
reducing redundancy and better capturing the temporal progression of events,
the proposed method enhances the representation of the video content, which is
particularly beneficial for tasks like video violence detection.

Figure 4.5 compares the keyframe selection results of the proposed method
with those of standard K-means clustering in terms of intensity and temporal
features. While both methods use the same number of clusters (k = 12), the
figure clearly shows that K-means (green circles) selects redundant keyframes
in certain regions, as highlighted by the blue circles. These include multiple

keyframes from temporally adjacent and visually similar frames. In contrast, the
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Figure 4.3: K-means Cluster Assignment Over Time (k=12) illustrating the
assignment of frames into clusters based solely on visual features. The process
considers both near and far frames, leading to clusters with diverse actions.
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Figure 4.4: Cluster Assignment Over Time (k=12) using the proposed algo-
rithm, which incorporates both temporal and visual features. The method favors
grouping temporally adjacent frames with similar actions, resulting in better
keyframe diversity and improved representation of the video timeline.

proposed method (red stars) distributes the keyframes more effectively across the

temporal axis, capturing a wider range of visual and temporal dynamics. This

ensures better coverage of important events in the video and avoids redundant

representation, which is crucial for tasks like violence detection where temporal
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progression and action diversity matter.

Intensity vs. Temporal Feature (k=12)
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Figure 4.5: Intensity vs. Temporal Feature (k=12). The scatter plot shows the
distribution of frames based on normalized temporal features and their average
intensity. Keyframes selected by the proposed method (red stars) and by stan-
dard K-means (green circles) are compared. The blue circles highlight regions
where K-means selects multiple redundant keyframes from visually similar and
temporally close frames, whereas the proposed method avoids such redundancy
by considering both visual similarity and temporal diversity.

Figure 4.6 and Figure 4.7 show the actual keyframes selected by the K-means
clustering algorithm using only visual features and temporal feature inclusion re-
spectively. As predicted by the analysis in Figures 4.3 and 4.5, the method often
selects multiple visually and temporally similar frames. For example, Frames 19,
23, and 53 all depict nearly identical scenes from the same action segment, and
Frames 198 and 203 are almost duplicates. This highlights the method’s redun-
dancy and lack of temporal diversity. These findings reinforce the limitation of
purely appearance-based clustering for video summarization, particularly in dy-
namic scenes like violence detection where capturing a broader range of temporal

actions is crucial.

4.6 Impact of Histogram Equalization

In the context of our video violence classification framework, preprocessing tech-
niques play a crucial role in enhancing the quality of input data, which directly
influences the performance of the classification models. One such technique, his-

togram equalization, was applied to improve the visual quality of video frames
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K-means Keyframes (k=12)

Figure 4.6: Keyframes selected by K-means clustering (k=12).

Proposed Algorithm Keyframes (k=12)

Frame 124

Figure 4.7: Keyframes selected by proposed algorithm for clustering (k=12).

before feature extraction and classification. Table 4.4 summarizes the impact of
histogram equalization by comparing key aspects of the video frames and the re-
sulting model performance before and after its application. This analysis provides

insights into how histogram equalization contributes to the overall effectiveness of
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our violence detection pipeline. The table evaluates four specific aspects: feature

Aspect Before Histogram After Histogram
Feature Clarity Low High
Contrast Low Improved
Pixel Intensity Distribution Uneven Uniform
Model 2 Accuracy (%) 90.54 92.86

Table 4.4: Impact of histogram equalization on violence detection accuracy.

clarity, contrast, pixel intensity distribution, and the accuracy of Model 2, which
is one of the classification models used in our experiments. Before histogram
equalization, the frames exhibited low feature clarity, low contrast, and an un-
even pixel intensity distribution. These characteristics often lead to challenges
in distinguishing critical visual cues, such as motion patterns or object bound-
aries, which are essential for detecting violent content in videos. After applying
histogram equalization, significant improvements were observed: feature clarity
increased to a high level, contrast was notably improved, and the pixel intensity
distribution became uniform. These enhancements ensure that the visual con-
tent of the frames is more distinguishable, facilitating better feature extraction
for both visual and temporal features, as utilized in our keyframe extraction al-
gorithm (Algorithm 2). Consequently, the accuracy of Model 2 improved from
90.54% to 92.86%, a gain of 2.32 percentage points. This improvement under-
scores the importance of histogram equalization as a preprocessing step, as it di-
rectly enhances the model’s ability to accurately classify violent events in videos,
particularly for challenging scenarios like the Clash and Fire classes, by providing

clearer and more consistent input data for downstream processing.

4.7 Fine-tuning MoViNet-AQO

In our study, we fine-tuned the MoViNet-A0 model for the Political Violence
dataset, shown in Table 4.5. First, the dataset was split into 80% for training
and 20% for testing; 20% of the training set was further allocated for validation.
By adapting the last four layers of the network, we achieved the most optimal
performance, with an accuracy of 92.86%. This targeted approach significantly
outperformed the baseline scenario, where the MoViNet-A0 was used without
fine-tuning, yielding an accuracy of 83.07%. The accuracy progressively decreased
as we expanded the scope of fine-tuning to include more layers (10, 12, and
15 layers in Models 3, 4, and 5, respectively). This trend suggests that while

minor adjustments can enhance model adaptation to specific datasets, excessive
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modifications might lead to overfitting.

Model | Trainable Layers | Accuracy
Model 1 None 88.07
Model 2 Last 4 Layers 92.86
Model 3 Last 10 Layers 89.29
Model 4 Last 12 Layers 88.39
Model 5 Last 15 Layers 86.07

Table 4.5: Accuracy of models with different layers fine-tuned.

Table 4.6 provides a detailed overview of the specific hyperparameters selected
to optimize the training of MoViNet-A0. The learning rate is set at a low value
of 0.0001, which helps in making gradual updates to the model’s weights. A
batch size of 16 is used, meaning the model updates its weights after evaluating
16 data points. The loss function employed is Categorical cross-entropy, which
is well-suited for classification tasks where the classes are mutually exclusive.
The RMSProp optimizer is chosen for its effectiveness in dealing with unsta-
ble gradients, and the Swish activation function is utilized, which is noted for
its capability to help the model converge faster compared to more conventional

activation functions.

Hyperparameters Optimized Value
Learning rate 0.0001
Batch size 16
Loss function Categorical cross-entropy
Optimizer RMSProp
Activation function Swish

Table 4.6: Optimized hyperparameters for model training.

Table 4.6 provides a detailed overview of the specific hyperparameters selected
to optimize the training of MoViNet-A0. The learning rate is set at a low value
of 0.0001, which helps gradually update the model’s weights. A batch size of 16
is used, meaning the model updates its weights after evaluating 16 data points.
The loss function employed is Categorical cross-entropy, which is well-suited for
classification tasks where the classes are mutually exclusive. The RMSProp op-
timizer is chosen for its effectiveness in dealing with unstable gradients, and the
Swish activation function is utilized, which is noted for its capability to help the

model converge faster compared to more conventional activation functions.
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4.8 Feature Extraction Methods Comparison

The confusion matrix in Figure 4.8 illustrates the performance of the CCT trans-
former across four classes: Fire (0), Clash (1), Normal (2), and Shooting (3). The
diagonal values (25, 25, 26, 25) represent correct predictions, indicating strong
performance with 25 out of 28 samples correctly classified for Fire, Clash, and
Shooting, and 26 out of 28 for Normal. Misclassifications are minimal, with
Fire having 3 samples predicted as Normal, Clash having 1 sample predicted as
Normal and 2 as Shooting, Normal having 2 samples predicted as Clash, and
Shooting having 3 samples predicted as Normal. This suggests the model is

highly effective, with slight confusion primarily involving the Normal class.

Confusion Matrix
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Figure 4.8: Confusion matrix for the CCT transformer model, showing the
actual versus predicted classes for Fire (0), Clash (1), Normal (2), and Shooting

(3)-

The classification report in Table 4.7 provides a detailed evaluation of the
CCT transformer’s performance. For Class 0 (Fire), the precision of 1.00 indicates
perfect prediction accuracy, though a recall of 0.89 reflects the 3 misclassifications
as Normal, resulting in an F1-score of 0.94. Class 1 (Clash) and Class 3 (Shooting)
both achieve a precision of 0.93, recall of 0.89, and F1l-score of 0.91, showing
balanced performance despite minor misclassifications. Class 2 (Normal) has a
lower precision of 0.79 due to false positives but a high recall of 0.93, yielding an
F1-score of 0.85. The overall accuracy is 0.90, with macro and weighted averages

for precision, recall, and F1l-score all at 0.90 or 0.91, demonstrating consistent
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Class Precision Recall F1-Score Support
0 1.00 0.89 0.94 28
1 0.93 0.89 0.91 28
2 0.79 0.93 0.85 28
3 0.93 0.89 0.91 28
Accuracy - - 0.90 112
Macro avg 0.91 0.90 0.90 112
Weighted avg 0.91 0.90 0.90 112

Table 4.7: Classification report for the CCT transformer model, detailing pre-
cision, recall, F1-score, and support for each class, along with overall metrics.

performance across the four classes.

The confusion matrix in Figure 4.9 illustrates the performance of the 2D CNN
+ LSTM model across four classes: Fire (0), Clash (1), Normal (2), and Shooting
(3). The diagonal values (23, 24, 25, 24) represent correct predictions, with 23
out of 28 samples correctly classified for Fire, 24 for Clash, 25 for Normal, and
24 for Shooting. Misclassifications include 2 Fire samples predicted as Clash and
3 as Normal, 1 Clash sample predicted as Normal and 3 as Shooting, 3 Normal
samples predicted as Clash, and 4 Shooting samples predicted as Normal. The
model demonstrates decent performance but exhibits some confusion, particularly
with the Normal class, which is frequently involved in misclassifications across

all other classes.

Class Precision Recall F1-Score Support
0 1.00 0.82 0.90 28
1 0.83 0.86 0.84 28
2 0.76 0.89 0.82 28
3 0.89 0.86 0.87 28
Accuracy - - 0.86 112
Macro avg 0.87 0.86 0.86 112
Weighted avg 0.87 0.86 0.86 112

Table 4.8: Classification report for the 2D CNN + LSTM model, detailing
precision, recall, F1-score, and support for each class, along with overall metrics.

The confusion matrix in Figure 4.10 illustrates the classification performance
of the ConvLSTM model across four event categories: Fire (Class 0), Clash (Class
1), Normal (Class 2), and Shooting (Class 3). The diagonal values represent cor-
rect predictions, with 22, 23, 25, and 24 instances correctly classified for Fire,

Clash, Normal, and Shooting, respectively, resulting in an overall accuracy of
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Confusion Matrix
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Figure 4.9: Confusion matrix for the 2D CNN 4 LSTM model, showing the
actual versus predicted classes for Fire (0), Clash (1), Normal (2), and Shooting

(3)-

84%. Misclassifications are evident, such as 4 Fire instances being predicted as
Normal and 4 Clash instances as Shooting, indicating potential areas for improve-

ment in distinguishing these classes.

Class Precision Recall F1-Score Support
0 (Fire) 1.00 0.79 0.88 28
1 (Clash) 0.82 0.82 0.82 28
2 (Normal) 0.74 0.89 0.81 28
3 (Shooting) 0.86 0.86 0.86 28
Accuracy - - 0.84 112
Macro avg 0.86 0.84 0.84 112
Weighted avg 0.86 0.84 0.84 112

Table 4.9: Performance metrics for the ConvLSTM model, including precision,
recall, Fl-score, and support for each class, along with overall accuracy, macro
average, and weighted average.

Table 4.9 elucidates an exhaustive appraisal of the ConvLSTM paradigm’s
efficacy across the quartet of categorical delineations, encapsulating precision,
recall, Fl-score, and support, supplemented by overarching evaluative indices.
Class 0 (Fire) manifests an impeccable precision of 1.00, yet its recall languishes

at 0.79, indicative of certain undetected exemplars, whereas Class 2 (Normal)
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Figure 4.10: Confusion matrix for the ConvLSTM model, illustrating the clas-
sification performance across four classes: Fire (0), Clash (1), Normal (2), and
Shooting (3).

attains the zenith of recall at 0.89, albeit tempered by a diminished precision of
0.74 owing to erroneous affirmations. Classes 1 (Clash) and 3 (Shooting) evince
a harmonious equilibrium in their performative metrics, registering F1-scores
of 0.82 and 0.86, respectively. The macro and weighted averages, articulated as
(0.86, 0.84, 0.84), bespeak a steadfast consistency across the categorical spectrum,
culminating in an aggregate accuracy of 0.84.

Table 4.10 shows the performance metrics for four different classes (0 to 3)
for MoViNet-AO. The normal class has a perfect recall of 1.00, indicating all
relevant instances were captured, while the Fire class has the highest precision
and F1l-score, suggesting it was predicted with the highest accuracy and balance

between precision and recall.

Class Precision | Recall | Fl-score | Support

Fire 1.00 0.96 0.98 28

Clash 0.93 0.89 0.91 28
Normal 0.88 1.00 0.93 28
Shooting 0.92 0.86 0.89 28

Table 4.10: Classwise performance metrics of Model 2.

The training and validation curves, Figure 4.11, for Model-2 show a clear and
steady progression. The training loss decreases from 0.4103 to 0.0283, while the
validation loss declines from 1.6952 to 0.1515, suggesting the model is improv-

ing consistently without signs of overfitting. Training accuracy starts at 64.5%
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and gradually reaches 99.3%, with validation accuracy also rising from 31.3% to
96.3%. This indicates the model is becoming more effective at making accurate
predictions. Overall, the stable decrease in loss and increased accuracy point to

a reliable and well-functioning training process.

Training and Validation Accuracy Training and Validation Loss

1.00
0.90
0.80

0.70

Accuracy
Loss

0.60
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0 10 20 30 40 50 0 10 20 30 40 50
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Figure 4.11: Training performance: accuracy curve on the left and loss curve
on the right.

The evaluation of Model 2 utilizes a confusion matrix, an established metric
for assessing classification models. Figure 4.12 shows that Model 2 accurately
discriminates between most classes with high precision. The model, however,
exhibits some confusion between the “Clash” and “Shooting "classes due to sim-

ilarities in certain cases.
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Figure 4.12: Confusion matrix for Model 2 evaluation.
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The Receiver Operating Characteristic (ROC) curve analysis for Model 2,
Figure 4.13, indicates an area under the curve (AUC) of 0.97 for both Fire (Class
0) and Normal (Class 2). In contrast, the Clash (Class 1) and Shooting (Class 3)
classes also present an AUC of 0.97. Despite the high AUC values, the overlap in
the ROC space for Clash and Shooting suggests these classes are not as distinctly
separated as Fire and Normal, pointing to a relative underperformance in the

model’s ability to discriminate between these two classes.
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Figure 4.13: ROC curve for Model 2 evaluation.

Model 2’s performance on the test set is shown in Figure 4.14.

4.9 Ablation Study

To evaluate the impact of fine-tuning and temporal information on violence de-
tection results, we conducted an ablation study using different variations of our
model (Table 4.11). The base model was initially trained using only pixel informa-
tion, achieving an accuracy of 85.54%. After fine-tuning this model, the accuracy
improved to 89.24%. The integration of temporal features with the fine-tuned
model yielded the most significant improvement, reaching 92.86% accuracy by
enabling the system to capture sequential patterns, distinguish between visually

similar but temporally distinct events, and maintain coherent event represen-
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Figure 4.14: Processing examples of categorizing violence: (a) Clash; (b) Fire;
(c) Shooting; (d) Normal.

tation across frame sequences. This substantial performance boost underscores
how temporal information enhances the model’s ability to understand and clas-
sify complex violent behaviors in video sequences by analyzing motion dynamics
and contextual relationships across frames rather than just static characteristics

within individual frames.

Table 4.11: Ablation study results with base (B), fine-tuned (F), pixel (P), and
temporal (T) information.

Description Accuracy (%)

B+P 85.54
F+P 89.24
F+P+4+ T 92.86

4.10 Generalization Test

In the empirical investigation aimed at elucidating the generalizability of Model 2
across various video violence detection benchmarks, a methodical assessment was
undertaken. Consider D = {Dy, Ds, ..., D,} to be the set of datasets utilized,
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where each D; is defined by a set (V;, L;) with V; denoting the video samples
and L; their corresponding binary labels indicating violent or non-violent con-
tent. The efficacy of Model 2 is measured through an accuracy vector A =
la1,az,...,a,]. Additionally, let © = [01,6,,...,6,] represent the vector of pa-
rameter counts for each model evaluated. The objective function Q(D, A, ©) —
max, ming seeks to maximize accuracy while minimizing model complexity across
all considered datasets, thereby substantiating Model 2’s robustness and parsi-
mony. Table 4.12 presents a comparison of various methods for detecting events,
possibly violent, in video streams, with a focus on accuracy in the case of the
Hockey Fight dataset. Our Model 2 outperformed the previous methods with a
98% accuracy.

Table 4.12: Accuracy Comparison of violence detection methods - Hockey Fight
dataset.

Method Year Accuracy (%)
Background Subtraction + MobileNet [66] 2022 96
Semantic Segmentation + VGG16 [67] 2022 95
X3D-M [68] 2023 97
Residual +ResNet50+POT [69] 2024 95
Ours 2025 98

Table 4.13: Accuracy comparison of violence detection methods - RLVS dataset.

Method Year Accuracy (%)
X3D-M [68] 2023 96.7
Residual +ResNet50+POT [69] 2024 96.5
Ours 2025 98.3

Table 4.14: Accuracy comparison of Violence detection methods - RWF-2000
Dataset.

Method Year Accuracy (%) #Param
MobileNetV2 + LSTM [70] 2022 82.00 4.074M
BrutNet [71] 2024 86.43 3.416M

Ours 2025 88.12 1.904M

Upon meticulous evaluation against benchmark datasets in the domain of
violence detection, our method has consistently outperformed other methods.
Specifically, within the RLVS dataset [55] in Table 4.13, our model demonstrated
a notable accuracy of 98.3%, eclipsing the X3D-M’s [68] 96.7% and the Residual-
ResNet50-POT’s [69] 96.5%, signaling a significant stride in model precision. In
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Table 4.15: Accuracy comparison of violence detection methods - Surveillance
Camera Fight.

Method Year Accuracy (%)
Vision-based fight detection [27] 2019 72
Object detection + LSTM [72] 2022 74
Edge Vision [73] 2022 75
Ours 2025 84

the context of the RWF-2000 dataset [52] in Table 4.14, not only did our ap-
proach achieve an accuracy of 88.12%, it also showcased a leaner architecture
with just 1.904 million parameters, reflecting an optimal balance between accu-
racy and model efficiency compared to MobileNetV2 + LSTM [70] and Brut-
Net [71]. Lastly, on the Surveillance Camera Fight dataset [54] in Table 4.15,
our algorithm’s performance peaked at an 84% accuracy rate, thereby setting a
new standard and underscoring its efficacy over prior methodologies like vision-
based fight detection [27], Object detection + LSTM [72], and Edge Vision [73].
These findings affirm our model’s exceptional capability to generalize across var-
ied datasets, marking it a potent tool for enhancing security measures through
automated video surveillance.

The contributions outlined in this study are comprehensively validated through
a series of methodical developments and empirical evaluations. Firstly, the cre-
ation of the Political Violence Dataset, encompassing 480 labeled video clips
across four nuanced categories, effectively addresses the existing gap in publicly
available resources for political violence detection, as evidenced by its balanced
representation and high inter-annotator agreement score of 0.90. Secondly, the
innovative key frame extraction algorithm, which integrates both temporal and
pixel-level features, significantly enhances the stability and accuracy of frame
clustering, as demonstrated by improved silhouette scores and more coherent
representative frame selections in Clash and Fire class samples. Thirdly, the
fine-tuning of the MoViNet-AO model on this specialized dataset achieves an
impressive accuracy of 92.86% with a parameter count of only 1.904 million,
highlighting the model’s efficiency and effectiveness in capturing complex vio-
lent behaviors through optimized feature extraction and classification. Lastly,
the proposed approach consistently outperforms existing state-of-the-art methods
across four benchmark datasets—including Hockey Fight, RLVS, RWF-2000, and
Surveillance Camera Fight—thereby underscoring its broad applicability and su-
perior performance in diverse violent event detection scenarios. Collectively, these

contributions not only advance the technical capabilities in automated political
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violence detection but also provide a robust foundation for future research and
practical implementations in enhancing public safety through intelligent video

surveillance systems.

4.11 Failure Case Analysis

Misclassification in video violence detection Models, often arises from several

factors, shown in Figure 4.15.

Figure 4.15: Example of misclassification: Left shows an individual carrying
a gun during Clash action; right shows individuals with closed fists in a public
gathering.

One significant reason is the lack of contextual understanding within the
models used for classification. For instance, actions such as carrying a gun while
engaging in Clash class behaviors (e.g., kicking or pushing) can be misinterpreted
as Shooting. Additionally, the visual features associated with aggression—such as
closed fists in public gatherings—might not be distinct enough models to differen-
tiate between normal class and clash class. Consequently, enhancing the training
datasets to include diverse scenarios could significantly reduce misclassification

rates and improve the reliability of these systems.

4.12 Managerial Implications

The proposed video violence detection methodology offers substantial benefits
for managers and decision-makers involved in public safety and urban security
within smart cities. By integrating the fine-tuned MoViNet-A0O model into ex-
isting surveillance infrastructures, organizations can achieve real-time monitor-
ing and automatic classification of violent activities, thereby enhancing the ef-
ficiency and reliability of security operations. This capability enables proactive
incident response, allowing law enforcement agencies to deploy appropriate re-

sources swiftly based on the specific type of violence detected, such as clashes,
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shootings, or fires. Additionally, the system facilitates optimal resource allo-
cation by identifying high-risk areas and times, ensuring that security personnel
and equipment are utilized where they are most needed. The comprehensive data
generated supports data-driven policy-making, providing valuable insights into
patterns and trends of violent incidents, which can inform the development of
effective prevention and intervention strategies. Furthermore, the scalability and
adaptability of the proposed solution allow it to be deployed across various urban
settings, accommodating different sizes and complexities without significant ad-
ditional costs. By enhancing public safety measures and building trust within the
community through reliable and timely violence detection, managers can foster
a safer and more secure urban environment. Thus, the implementation of this
methodology not only improves operational efficiency and effectiveness but also
supports strategic decision-making processes aimed at mitigating violence and

ensuring the well-being of citizens in smart cities.

4.13 Real-Time Performance Analysis

The proposed video violence detection algorithm is designed to operate in real-
time, a crucial requirement for effective surveillance in smart city environments.
This capability stems from several optimizations: (1) the lightweight MoViNet-
A0 model, with 1.904 million parameters, minimizes computational overhead;
(2) a custom keyframe extraction algorithm reduces the number of frames pro-
cessed by selecting only the most representative ones using temporal and pixel-
level features; (3) preprocessing via histogram equalization enhances input qual-
ity, streamlining feature extraction; (4) fine-tuning only the last four layers of
MoViNet-AQ achieves 92.86% accuracy without excessive complexity; and (5)
optimized hyperparameters and hardware configurations, ensure efficient pro-
cessing. These design choices enable the system to process video streams with
low latency, making it an effective tool for real-time violence detection and rapid

incident response.

4.14 Conclusion

In this work, the proposed video violence detection method is thoroughly tested
and the effectiveness is shown by extensive experiments with multiple perfor-
mance measures and comparisons. The Political Violence Dataset with 480 an-
notated clips has a high annotation reliability as measured by Cohen’s Kappa 0.90

and enables robust model training. Custom keyframe extraction algorithm that
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combines temporal and pixel-level features improved clustering stability (Davies-
Bouldin index 0.62 vs. 1.05 for standard K-means) and narrative coherence, based
on improved temporal smoothness and continuity factor. When the MoViNet-
A0 is fine-tuned, it achieves an impressive 92.86% accuracy using only 1.904M
parameters and outperforms all the baseline models and the state-of-art results
over the benchmark datasets (e.g., 98% on Hockey Fight, 98.3% on RLVS). Even
without repetition, preprocessing with histogram equalization increase accuracy
by 2.32%, which improve the sharpness of the feature. The importance of tem-
poral clues is verified by ablation experiments and the bottleneck of our work is
also addressed in failure cases, e.g., context comprehension. The real-time capac-
ity and practical application of the approach respectively underpin its ability to

contribute towards urbans safety.
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Chapter 5

Conclusion and Future

Recommendations

In this chapter, we concisely summarize the primary findings of this research and
highlight its significant contributions to video violence detection, emphasizing
the advancements made in accuracy, efficiency, and applicability to real-world
scenarios. And we also outline potential directions for extending this research,
suggesting avenues to enhance the system’s capabilities, broaden its scope, and

ensure its practical deployment in diverse and challenging environments

5.1 Conclusion

This research successfully developed an efficient and accurate system for detect-
ing political violence in videos, addressing key challenges in dataset diversity,
keyframe selection, and computational efficiency. By creating the Political Vio-
lence Dataset with 480 labeled clips across four categories—Normal, Clash, Fire,
and Shooting—we provided a robust resource that captures the nuances of polit-
ical unrest, filling a critical gap in existing datasets. The fine-tuned MoViNet-AQ
model achieved a remarkable 92.86% accuracy with only 1.904 million parameters,
demonstrating its suitability for real-time applications in resource-constrained
smart city environments. Our custom keyframe extraction algorithm, leveraging
temporal and pixel-level features, improved clustering stability and frame rep-
resentativeness, enhancing detection precision. Comparative evaluations against
benchmark datasets—Hockey Fight (98%), RLVS (98.3%), RWF-2000 (88.12%),
and Surveillance Camera Fight (84%)—confirmed our approach’s superiority over
state-of-the-art methods. These findings underscore the system’s potential to
transform passive surveillance into an active tool for public safety, enabling rapid

response to violent incidents and supporting data-driven policy-making. By bal-
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ancing accuracy and efficiency, this work lays a strong foundation for scalable
violence detection systems, offering significant implications for urban security

and future advancements in video analysis technology.

5.2 Future Work

Future research can build on this study by expanding the Political Violence
Dataset to include a broader range of scenarios, such as protests in diverse ge-
ographical and cultural contexts, to enhance model generalizability. Integrating
multimodal data, such as audio cues or social media metadata, could further
improve detection accuracy by providing additional context to visual features.
Efforts should also focus on optimizing the MoViNet-AO architecture for edge
devices, reducing latency and power consumption for real-time deployment in
[oT-based surveillance networks. Exploring advanced attention mechanisms or
hybrid models combining transformers and convolutional networks may address
current limitations in capturing long-range temporal dependencies, particularly
for complex, prolonged violent events. Additionally, incorporating explainable Al
(XAI) techniques could enhance interpretability, allowing stakeholders to under-
stand model decisions and build trust in automated systems. Finally, conducting
field tests in real-world smart city environments will validate the system’s prac-
tical efficacy, paving the way for broader adoption and integration into existing

security frameworks.

73



5.3 List of Publications

The following publication is a direct consequence of the research carried out
during the elaboration of the thesis, and give an idea of the progression that has

been achieved.

1. M. A.-M. Provath, M. Rahman, K. Deb, P. K. Dhar, and T. Shima-
mura, ‘DeepGuard: Enhancing violence detection in smart cities through
deep learning,” IEEE Access, vol. 13, pp. 1-19, 2025, doi: 10.1109/AC-
CESS.2025.3541059.

2. M. A.-M. Provath, K. Deb, and K. H. Jo,“XAI-driven lightweight multi-
scale ConvLSTM architecture for video violence detection,” in Proc. 33rd

International Symposium on Industrial Electronics (ISIE), Ulsan, South
Korea, Jun. 18-21, 2024, pp. 1-6, doi: 10.1109/ISIE54533.2024.

3. M. A.-M. Provath, M. F. Hossain Saikat, and K. Deb, “Smart surveil-
lance: Real-time violence detection using deep learning,”in Proc. 3rd Inter-

national Conference on Mathematical Analysis and Applications in Model-

ing (ICMAAM-2024), Chattogram, Bangladesh, Dec. 5-7, 2024, pp. 1-6.
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