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“Se torturi i dati abbastanza a lungo, finiranno per confessare qualsiasi cosa.” —
Ronald H. Coase





Abstract

Ensuring passenger safety is a critical requirement for sustainable mobility. Yet,
despite the social relevance of this objective, the automatic detection of violent
behaviors in public transportation has received limited attention compared with
general-purpose surveillance. Most existing approaches are designed around bench-
mark settings and cloud-scale resources, while the deployment on board of vehi-
cles—in constrained, latency-sensitive, and privacy-critical environments—remains
underexplored. This dissertation addresses this gap by presenting, validating, and
discussing a complete AI-based system for real-time violence detection specifically
tailored to buses.

From a system-design perspective, public transport imposes a unique combina-
tion of constraints. Sensing is a!ected by overhead viewpoints, frequent occlusions,
abrupt motion, changes in illumination across stops and routes, and the highly
dynamic arrangement of passengers. Computing must be performed at the edge
to avoid dependency on unreliable or costly connectivity and to meet stringent
latency and privacy requirements. Finally, alarms must be generated with a bal-
anced trade-o! between sensitivity (to detect true incidents) and specificity (to
limit nuisance alarms that could desensitize operators). The proposed solution is
engineered around these constraints. It integrates six ceiling-mounted IP cameras
with an embedded GPU server placed on the vehicle to enable on-board, edge-only
inference. The architecture supports multi-camera ingestion, synchronized analy-
sis, and a lightweight decision layer that fuses the evidence produced by the video
models into actionable alerts. The end-to-end pipeline is designed to remain oper-
ational without cloud services, with all computation restricted to the vehicle and
only high-level alerts exposed to external systems when available.

A key scientific challenge is domain shift. Models trained on standard vio-
lence datasets often fail to generalize to the particular visual and behavioral pat-
terns observed on buses. To mitigate this, we constructed a composite dataset
specifically oriented to public-transport scenarios. It combines established public
resources—RWF-2000, UCF-Crime, SCVD, and Bus Violence—with a proprietary
dataset recorded in a full-scale bus simulator reproducing real layouts, camera ge-
ometry, and crowding conditions. The simulator enables controlled acquisition of
edge cases (e.g., rapid crowd movements, partial occlusions, seated interactions)
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that are underrepresented in generic datasets. This composite corpus is used both
to pre-adapt models and to quantify the benefit of injecting bus-specific samples
into training.

On the algorithmic side, we investigate three state-of-the-art video architec-
tures with complementary inductive biases: X3D, R(2+1)D, and SlowFast-50. All
networks are initialized from Kinetics-400 to leverage large-scale motion represen-
tations and then adapted with a progressive unfreezing protocol. In this strategy,
learning starts by training the classification head while early spatiotemporal blocks
are kept frozen, and progressively deeper blocks are unfrozen as training stabi-
lizes. This schedule supports stable transfer to the bus domain, avoids catastrophic
forgetting, and reduces overfitting when the amount of domain-specific data is lim-
ited. We complement the fine-tuning with data treatments that reflect in-vehicle
conditions, such as temporal subsampling, moderate motion blur, and compression
artifacts consistent with IP camera streams, aiming to narrow the sim-to-real gap
without adding computational burden at inference.

System performance is assessed through a multi-stage evaluation. First, abla-
tion studies analyze the impact of each design choice: (i) inclusion of proprietary
bus data in training, (ii) choice of backbone architecture, and (iii) the progres-
sive unfreezing schedule. Second, we validate the system in the bus simulator to
stress-test detection under controlled yet realistic variations—lighting, occupancy,
and camera viewpoints—while measuring latency end to end. Third, we conduct
supervised field trials on an actual 13-meter bus to evaluate the full pipeline un-
der operational conditions (vibration, network jitter, passenger flow). This layered
methodology allows us to disentangle model-centric e!ects from system-level factors
and to quantify the reliability of the deployed solution.

Results consistently indicate that supplementing public benchmarks with bus-
specific proprietary data markedly improves generalization to in-vehicle scenes.
Among the tested architectures, X3D delivers the best trade-o! between accuracy
and e"ciency, sustaining real-time analysis with sub-second end-to-end latency
on the embedded GPU server while maintaining competitive detection quality.
R(2+1)D and SlowFast-50 remain valuable references—particularly in scenarios
with abundant compute or when higher temporal fidelity is desirable—but X3D
proves more suitable for continuous, on-board operation. Importantly, these find-
ings hold across ablations and are confirmed in the simulator and during on-vehicle
trials, suggesting that the proposed training protocol and system integration are
robust to deployment variations.

Beyond raw metrics, the study highlights several operational insights. First,
multi-camera coverage from ceiling viewpoints is critical to mitigate occlusions and
to capture interactions between standing and seated passengers; simple late fusion
at the decision layer can already provide meaningful resilience without the cost of
multi-view feature fusion. Second, prioritizing determinism in the video pipeline
(fixed frame rates, bounded bu!ering, watchdogs) reduces tail latencies that could
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delay alarms during critical events. Third, edge-only processing not only satisfies
privacy constraints by avoiding video streaming o! the vehicle but also enhances
availability: the system remains functional in areas with poor connectivity and is
immune to cloud outages. Finally, supervised validation in real service uncovers
failure modes rarely observable in benchmarks—e.g., aggressive gestures partially
hidden by grab poles, or non-violent yet energetic events such as joyful celebra-
tions—that guide subsequent data curation.

The main contributions of this dissertation are as follows: (1) a complete design
and deployment of an edge-based, multi-camera violence detection system dedicated
to buses, covering sensing, embedded inference, and decision layers; (2) a compos-
ite dataset strategy that blends established benchmarks with simulator-acquired,
bus-specific samples to address domain shift; (3) a principled fine-tuning pipeline
based on progressive unfreezing for e"cient transfer from Kinetics-400 to the bus
domain; and (4) a comprehensive evaluation protocol spanning ablations, simulator
validation, and real-world field trials on a 13-meter bus. To the best of our knowl-
edge, this is among the first works to go beyond simulation and isolated benchmark
testing by demonstrating a fully deployed, real-time, edge-only system for violence
detection in public transport.

While the achieved performance and latency meet the operational targets of
the target platform, the study also surfaces limitations that motivate future work.
The rarity and diversity of violent incidents constrain data scale and label granu-
larity; additional targeted collection, continual learning in-the-loop, and stronger
out-of-distribution detection could further reduce false positives. Multi-camera rea-
soning is handled at the decision level; exploring mid-level or feature-space fusion
could capture inter-view dynamics more e!ectively when compute permits. Finally,
broader ethical and legal considerations remain central to large-scale adoption:
transparent governance, privacy-by-design data handling, and human-in-the-loop
review should be embedded into any real-world deployment pipeline.

In summary, this dissertation demonstrates that accurate, low-latency violence
detection for public buses is feasible on embedded hardware through the joint design
of a domain-aware dataset, an e"cient fine-tuning strategy, and an edge-first system
architecture. The results provide empirical evidence that tailoring both learning
and engineering choices to the constraints and phenomenology of in-vehicle envi-
ronments is essential to bridge the gap between promising laboratory performance
and dependable operation in the field.
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Chapter 1

Introduction

1.1 Violence Detection in Public Transportation:
Context and Motivation

Public transportation is a cornerstone of contemporary urban life. Buses, in par-
ticular, remain among the most ubiquitous and adaptable modes of mobility, con-
necting peripheral neighbourhoods with central districts and enabling a!ordable
access at scale. Yet, the same structural conditions that make bus services socially
valuable—high passenger throughput, dense occupancy at peak hours, and a phys-
ically constrained interior—also increase the likelihood that interpersonal tensions
escalate into aggression or violence [11, 50]. The security problem is multidimen-
sional and spans passenger-to-passenger altercations, passenger-to-driver assaults,
vandalism and property damage, theft and pick-pocketing, and broader disorder
that hinders operations and erodes public confidence in transit services [11]. When
incidents occur within the compact geometry of bus aisles, the consequences can be
amplified by crowding, limited escape routes, and delayed intervention—especially
when the driver operates alone or with restricted physical separation from passen-
gers [11, 84].

A salient shift in the recent technical literature is the explicit framing of real-
time violence detection as an operationally critical objective rather than a mere
benchmark exercise. In a comprehensive and up-to-date review focused on physical
assault, more recent survey works emphasize that real-time identification consti-
tutes the most immediate line of defense, and they highlight the breadth of unre-
solved challenges and design choices that still fragment the field [49]. In parallel,
e"ciency-oriented contributions have argued that the predominant focus on accu-
racy alone is insu"cient for deployment, and have proposed architectures explicitly
designed to operate with low latency and modest compute budgets [35]. These
positions align closely with the public-transportation setting, where the value of
automation is proportional to the time-to-alert and to the stability of decisions
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under noise, occlusion, and non-stationary backgrounds.
Historically, transportation agencies have relied on closed-circuit television (CCTV)

systems to deter misconduct and support post hoc investigations. Cameras typically
cover the front door, the driver’s area, the aisle, and the rear door, o!ering a struc-
tured but partial view of the cabin. While retrospective analysis can be valuable,
operational e!ectiveness is bounded by human attention: monitoring performance
degrades under sustained load, and a substantial fraction of unfolding events can be
missed, especially under multitasking conditions [41, 63]. Meta-analyses of CCTV
e!ectiveness in public spaces show heterogeneous outcomes, strongly mediated by
local context, system design, and the human monitoring practices that govern at-
tention and response [80, 81, 27]. In vehicles, these limitations are exacerbated by
motion-induced blur, rapid illumination changes (e.g., tunnels, shaded streets), and
frequent occlusions among standing passengers [12].

Modern violence detection, however, cannot be reduced to clip-level binary
classification alone. Inside buses, an operationally useful system often must an-
swer where and when aggression occurs (and, implicitly, who is involved), because
actionable alerts require localization for driver/dispatcher triage and for e"cient
retrieval of short evidence snippets. This motivates the conceptual proximity be-
tween onboard violence detection and spatio-temporal action detection (STAD),
which jointly addresses action class recognition, temporal boundaries, and actor lo-
calization [77]. In this framing, the objective is not merely “violence vs. no violence”
over a window, but the inference of an action tube—or a localized spatio-temporal
hypothesis—robust to occlusion, scale variation along the aisle, and partial views.

From a criminological perspective, buses represent mobile micro-environments
examined through routine activity theory and situational crime prevention: suitable
targets, motivated o!enders, and attenuated guardianship can align during high-
density periods [15, 14]. Unlike fixed-location transit nodes, however, buses exhibit
rapidly varying passenger composition, social norms, and guardianship across space
and time. This dynamism complicates static deployment strategies and reinforces
the potential value of on-vehicle automation that continuously adapts to changing
conditions [11, 50].

Empirically, agencies and labor unions have reported persistent concern about
assaults on drivers and anti-social behaviour in passenger compartments, with
downstream impacts on sta! retention, sick leave, and perceived safety that de-
ters ridership [84, 86]. E!ective systems must therefore balance rapid detection
and low false alarms with privacy, proportionality, and transparency. In the Euro-
pean context, the legal framework for video processing in public spaces is shaped by
GDPR and supervisory guidance for video devices that emphasizes data minimiza-
tion, purpose limitation, and security-by-design [22, 21]. For onboard analytics,
these requirements translate into architectural choices such as on-device inference,
ephemeral bu!ering, and strict access controls, aiming to reduce unnecessary data
movement while still enabling safety functions [21, 53].
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The literature on violence detection spans classical computer vision, statistical
pattern recognition, and deep learning. Early approaches leveraged motion en-
ergy, trajectories, and audiovisual cues such as elevated loudness or spectral signa-
tures associated with shouting [64, 26]. Subsequent works introduced discriminative
spatio-temporal descriptors [42, 16, 75], while modern methods learn video repre-
sentations end-to-end and dominate generic benchmarks [38, 60, 9]. Yet, multiple
surveys stress that deployment remains constrained by domain shift, scarce realistic
data, and hardware/latency requirements that are rarely first-class in benchmark
reporting [49, 35, 67]. A practical introduction for buses must therefore go beyond
generic accuracy numbers and address real-time processing, multi-camera coordi-
nation, error costs, and human-in-the-loop escalation procedures [53, 85].

In this dissertation, the focus is on public-transportation use cases, with buses
as the primary venue of study. The overarching objective is to synthesize evidence
from surveillance, transportation, and modern video-understanding research, artic-
ulate computational and operational challenges specific to onboard violence detec-
tion, and ground system design choices in empirical findings as well as regulatory
obligations. The chapter proceeds by positioning intelligent surveillance systems
within this context, reviewing traditional approaches and their limitations, and
then surveying modern AI-based frameworks through the lens of constraints and
opportunities unique to bus environments [11, 53, 49].

1.2 Action Recognition and Action Detection
The automatic interpretation of human actions in video streams represents one of
the most challenging and impactful problems in contemporary computer vision.
The unprecedented growth of video data generated by surveillance systems, public
transportation monitoring infrastructures, and smart city deployments has dra-
matically increased the demand for intelligent systems capable of understanding
complex human behaviors in real time.

In this context, action recognition and action detection have emerged as foun-
dational tasks enabling higher-level reasoning, decision making, and proactive in-
tervention. Applications range from entertainment and sports analytics to safety-
critical domains such as autonomous driving and public security. Among these,
violence detection in surveillance footage constitutes a particularly demanding ap-
plication, as it requires the accurate identification of rare, ambiguous, and context-
dependent events under severe environmental constraints.

From a methodological perspective, violence detection systems are deeply rooted
in the broader literature on action recognition, temporal action detection, and
spatio-temporal action detection. A rigorous understanding of these foundational
concepts is therefore essential to properly frame the research problem addressed in
this dissertation. This section introduces the theoretical and methodological basis
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of action understanding in videos, synthesizing and extending the analyses pre-
sented in recent comprehensive surveys on deep-learning-based violence detection
and spatio-temporal action detection [49, 77].

The section is organized as follows. First, the concept of action recognition is
formally defined and contextualized within its historical evolution. Subsequently,
the transition from recognition to temporal and spatio-temporal detection is dis-
cussed, highlighting the increasing complexity of real-world surveillance scenarios.
Di!erent analysis paradigms and task taxonomies are then introduced, followed by
a detailed description of the general processing pipeline adopted by modern action
recognition and detection systems.

1.2.1 Action Recognition: Definitions, Scope, and Histori-
cal Evolution

Action recognition is conventionally defined as the task of assigning one or more
semantic labels to a video sequence that describe the human action or activity being
performed. Given a video

V = {It}T
t=1 (1.1)

composed of T frames, the goal of action recognition is to estimate the most likely
action class c ↑ C, where C denotes a predefined set of action categories.

This formulation implicitly assumes that the temporal extent of the action is
known in advance, meaning that the input video is temporally trimmed and contains
a single dominant action. While this assumption simplifies the learning problem,
it is rarely satisfied in real-world applications, particularly in surveillance contexts
where videos are untrimmed, continuous, and dominated by long periods of non-
action.

A key characteristic distinguishing action recognition from static image clas-
sification is the intrinsic role of time. Human actions are not defined solely by
spatial appearance, but by the evolution of body posture, motion trajectories, and
interactions across consecutive frames. As a result, temporal modeling consti-
tutes a fundamental requirement for e!ective action recognition systems. Prior
to the widespread adoption of deep learning, action recognition relied heavily on
handcrafted spatio-temporal features. Classical approaches attempted to explicitly
encode motion and appearance through descriptors such as Space-Time Interest
Points (STIP), Histograms of Oriented Gradients (HOG), Histograms of Optical
Flow (HOF), and improved dense trajectories.

While these methods achieved moderate success on controlled datasets, they
su!ered from several limitations. First, handcrafted features were often sensitive
to noise, illumination changes, and camera motion. Second, their representational
capacity was limited, preventing them from capturing complex, high-level semantic
patterns. Finally, these approaches exhibited poor generalization across datasets,

4



1.2 – Action Recognition and Action Detection

particularly when applied to unconstrained surveillance footage.
As emphasized by Wang et al., the inability of handcrafted pipelines to scale and

adapt to diverse real-world conditions ultimately motivated the transition toward
learning-based representations [77].

The introduction of convolutional neural networks (CNNs) marked a turning
point in action recognition research. Early deep learning approaches extended 2D
CNNs, originally designed for image classification, to video by processing frames in-
dependently and aggregating features across time using pooling or averaging strate-
gies. Although conceptually simple, these methods failed to fully exploit temporal
dynamics.

To overcome this limitation, researchers explored architectures capable of jointly
modeling spatial and temporal information. Two main directions emerged. The first
involved the use of optical flow to explicitly encode motion, leading to two-stream
architectures where RGB frames and optical flow were processed in parallel. The
second direction introduced three-dimensional convolutions, enabling networks to
learn spatio-temporal features directly from raw video volumes.

Inflated 3D convolutional networks (I3D) represented a major advancement in
this area, demonstrating that spatio-temporal convolutions could e!ectively cap-
ture motion patterns while leveraging pretraining on large-scale image datasets.
Subsequent architectures, such as SlowFast and X3D, further refined this paradigm
by explicitly disentangling spatial semantics from temporal resolution, achieving
strong performance with improved computational e"ciency [77].

In parallel to convolutional approaches, recurrent neural networks (RNNs), par-
ticularly Long Short-Term Memory (LSTM) networks, were introduced to model
temporal dependencies in video sequences. In typical CNN–LSTM pipelines, con-
volutional networks extract frame-level or clip-level features, which are then fed
into recurrent modules to capture temporal evolution.

Although e!ective for short-term modeling, RNN-based approaches su!er from
well-known limitations, including vanishing gradients and limited scalability to long
sequences. These issues become particularly problematic in surveillance scenarios
involving extended video streams.

More recently, attention mechanisms and transformer-based architectures have
gained prominence. By leveraging self-attention, transformers can model long-range
temporal dependencies and selectively focus on informative regions of a video. As
discussed in the survey by Wang et al., transformer-based models have demon-
strated promising results in action recognition and detection, although their com-
putational cost and data requirements remain significant challenges for real-time
deployment. Within this broader landscape, violence detection can be understood
as a specialized form of action recognition, where the target classes correspond to
violent and non-violent behaviors. However, as highlighted by Negre et al., violence
detection introduces additional layers of complexity. Violent actions are often visu-
ally ambiguous, context-dependent, and sparsely represented in available datasets.
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Moreover, the boundary between violent and non-violent interactions is not always
clearly defined, leading to subjective annotations and label noise.

These challenges underscore the limitations of treating violence detection as a
mere classification problem and motivate the transition toward detection-oriented
and temporally aware formulations, which are discussed in the following subsec-
tions.

1.2.2 From Action Recognition to Temporal and Spatio-
Temporal Action Recognition

While action recognition has traditionally focused on assigning semantic labels to
temporally trimmed video clips, real-world video understanding problems, partic-
ularly in surveillance and public safety contexts—rarely conform to this simplified
setting. Surveillance streams are typically untrimmed and continuous, dominated
by long intervals of normal or irrelevant activity, while actions of interest, including
violent behaviors, occur sparsely in time and often involve only a subset of the
individuals present in the scene.

This fundamental mismatch between the assumptions underlying classical action
recognition and the characteristics of real surveillance data has driven a shift toward
more general action detection paradigms. Temporal Action Detection (TAD) and
Spatio-Temporal Action Detection (STAD) progressively relax the trimmed-video
assumption by explicitly addressing not only what action is occurring, but also
when and where it takes place.

The trimmed-video setting, while e!ective for benchmarking, substantially sim-
plifies the learning problem by construction: the input clip contains a single dom-
inant action and excludes irrelevant frames, allowing models to focus exclusively
on discriminative patterns without reasoning about temporal boundaries or back-
ground activity. However, as emphasized in both the violence detection literature
and recent STAD surveys [49, 77], this assumption severely limits real-world ap-
plicability. In surveillance footage, violent events may emerge abruptly, last only
a few seconds, and be surrounded by visually similar but non-violent interactions,
causing models trained on trimmed datasets to su!er from high false-positive rates
or to miss early stages of aggressive behavior when deployed on untrimmed streams.

Moreover, trimmed-video classification implicitly disregards the internal tem-
poral structure of actions, treating the video as a short, quasi-static clip and ig-
noring the fact that actions evolve through distinct phases such as onset, escala-
tion, and termination. This limitation is particularly critical for violence detection,
where the timely recognition of aggressive intent is often more important than
accurate classification after the event has fully unfolded. Temporal Action De-
tection addresses these issues by explicitly modeling the temporal localization of
actions within untrimmed videos. Formally, given a video sequence V defined as in
Eq. (1.1), Temporal Action Detection aims to identify a set of temporal segments
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{(ti
b, ti

e)}, each associated with an action class ci. Compared to action recognition,
this formulation requires distinguishing action segments from background while
accurately estimating their temporal boundaries, a task complicated by large vari-
ations in action duration, ambiguous transitions, and severe class imbalance due to
the predominance of background frames.

In the context of violence detection, TAD o!ers a more realistic and opera-
tionally relevant formulation, as violent behaviors typically emerge from non-violent
interactions and escalate over time. Temporal localization not only enables the de-
tection of violent segments but also opens the possibility of identifying pre-violent
phases, which is essential for proactive intervention systems.

While TAD captures the temporal dimension of actions, it does not account for
their spatial extent. In many surveillance applications, knowing when an action
occurs is insu"cient without also determining where it occurs and which individu-
als are involved, motivating the formulation of Spatio-Temporal Action Detection.
STAD generalizes both action recognition and TAD by jointly estimating action
labels, temporal boundaries, and spatial localization across frames. As highlighted
by Wang et al. [77], STAD is substantially more challenging than both action
recognition and TAD, as it requires solving object detection and temporal localiza-
tion simultaneously while maintaining consistency across space and time. Errors
in either dimension can compromise detection quality, and their coupling further
complicates model design, particularly in crowded scenes where multiple actions
may occur concurrently.

For violence detection, the relevance of STAD is especially pronounced. Vio-
lent actions often involve complex interactions between multiple individuals, abrupt
movements, occlusions, and close physical contact, making precise spatio-temporal
localization essential for avoiding confusion between violent and non-violent behav-
iors.

A defining concept in STAD is the action tube, which represents the spatio-
temporal trajectory of an action instance across frames. Constructing reliable ac-
tion tubes requires linking detections based on spatial overlap, temporal continuity,
and semantic coherence. While early approaches relied on heuristic criteria such
as IoU thresholds and dynamic programming, more recent methods incorporate
learned association mechanisms and long-term context modeling. Despite these
advances, tube linking remains a major source of error, particularly in cluttered or
crowded environments.

From a violence detection perspective, such errors can be especially detrimental,
as inaccurate linking may fragment a single violent event into multiple detections or
erroneously merge distinct interactions, ultimately undermining system reliability
and trustworthiness.

To further clarify the conceptual progression from action recognition to spatio-
temporal action detection, it is useful to adopt a unified mathematical perspective.
Let V = {It}T

t=1 denote a video sequence of length T , where each frame It ↑
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RH→W →C represents a color image of height H, width W , and C channels.

Action Recognition. In classical action recognition, the learning objective can
be formulated as a function

fAR : V ↓ c (1.2)

where c ↑ C is a discrete action label. The function fAR implicitly assumes that
the action occupies the entire temporal support of V or that irrelevant frames have
been removed beforehand.

This formulation collapses the temporal dimension into a single global decision,
e!ectively marginalizing over time. While suitable for curated benchmarks, it fails
to model the temporal structure of actions and does not scale to continuous video
streams.

Temporal Action Detection. Temporal Action Detection generalizes this for-
mulation by introducing temporal localization:

fTAD : V ↓ {(ci, ti
b, ti

e)}N
i=1 (1.3)

where N is the number of detected action instances. Here, the model must
jointly infer action classes and their temporal boundaries, implicitly learning to
separate foreground actions from background activity.

Spatio-Temporal Action Detection. Spatio-Temporal Action Detection fur-
ther extends the output space:

fSTAD : V ↓
{(

ci, ti
b, ti

e, {Ri
t}

ti
e

t=ti
b

)}N

i=1
(1.4)

where Ri
t ↔ R2 denotes the spatial region associated with the action at time

t. This formulation unifies object detection and temporal localization into a single
structured prediction problem.

From an optimization standpoint, STAD represents a highly non-trivial task, as
the number of action instances N is unknown a priori, and both spatial and tempo-
ral outputs are continuous-valued. As highlighted by Wang et al., this complexity
explains the performance gap between action recognition and detection methods,
despite architectural similarities.

The practical implications of these formulations can be illustrated through con-
crete surveillance scenarios. Consider a fixed CCTV camera monitoring the interior
of a public bus.
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Figure 1.1: An example of Spatio-temporal action detection (STAD): a key yet challeng-
ing video-understanding task that identifies action classes while localising them in both
space and time [77, 44].

Scenario 1: Trimmed Classification. A short video clip showing two passen-
gers engaged in a physical altercation is manually extracted and fed into an action
recognition model. The model outputs the label Violence. While this result may
be correct, it assumes that the temporal extent of the violent action is known and
ignores all preceding and following context.

Scenario 2: Temporal Detection. The full untrimmed video stream is pro-
cessed by a TAD model, which outputs a temporal segment (tb, te) labeled as
Violence. This allows the system to identify when the violent interaction oc-
curs, but it does not specify which individuals are involved, nor does it provide
spatial cues for further reasoning.

Scenario 3: Spatio-Temporal Detection. An STAD model processes the same
video and outputs a spatio-temporal action tube corresponding to the violent in-
teraction. The system now knows when the violence occurs, where it occurs in the
scene, and which actors are involved.

This distinction is not merely academic. In real deployments, spatial local-
ization enables downstream tasks such as multi-camera tracking, re-identification,
alarm visualization, and integration with other sensors, Figure 1.1 illustrates the
STAD problem setting, highlighting its joint spatial and temporal localization re-
quirements.

Violent actions exhibit a characteristic temporal structure that further moti-
vates detection-based formulations. Rather than appearing instantaneously, vio-
lence often unfolds through a sequence of stages, including:

• a pre-violent phase, characterized by abnormal proximity, aggressive gestures,
or rapid motion changes;

• an escalation phase, where physical contact or overt aggression begins;
9
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• a violent phase, involving sustained physical interaction;

• a post-violent phase, during which the interaction subsides.

Trimmed action recognition collapses these stages into a single label, whereas
temporal and spatio-temporal detection preserve their ordering and duration. This
temporal decomposition is crucial for early warning systems, as it allows the detec-
tion of violence before it fully manifests.

1.2.3 Evaluation Metrics and Practical Implications
The transition from action recognition to STAD necessitates more sophisticated
evaluation metrics. While classification accuracy su"ces for trimmed-video recog-
nition, detection tasks are typically evaluated using mean Average Precision (mAP)
at varying temporal and spatio-temporal intersection-over-union thresholds.

These metrics reflect the joint quality of classification and localization but also
reveal the sensitivity of STAD systems to boundary estimation errors. Small tempo-
ral misalignments can significantly reduce mAP, even when the semantic prediction
is correct.

Negre et al. point out that many violence detection studies report high accuracy
on trimmed datasets but fail to evaluate temporal localization performance, obscur-
ing their true e!ectiveness in real-world surveillance settings [49]. This observation
further reinforces the necessity of framing violence detection as a detection prob-
lem rather than a pure classification task. The progression from action recognition
to TAD and STAD has profound implications for violence detection. Treating vi-
olence detection as an STAD problem enables systems to operate on continuous
video streams, identify the onset and duration of violent events, and localize the
individuals involved.

Moreover, this formulation naturally extends to early action detection and an-
ticipation, where the goal is to predict violent behavior before it fully manifests.
Such capabilities are essential for proactive safety systems in public transportation
and surveillance environments.

1.2.4 Early Action Detection and Violence Anticipation
Early action detection, also referred to as action anticipation, aims to predict the
occurrence of an action before its completion. Formally, given a partial observation
of the video sequence V1:t = {Iω }t

ω=1 with t < te, the objective is to estimate the
posterior probability

p(c | V1:t), (1.5)

where c corresponds to an action that will occur in the future.
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From a detection perspective, early violence detection can be framed as the
problem of identifying the onset of a violent action at time tb while observing only
a fraction of the full action duration. This setting introduces an additional trade-o!
between timeliness and accuracy: predictions must be made as early as possible,
but premature decisions increase the risk of false alarms.

The STAD formulation provides a natural foundation for early detection, as it
explicitly models temporal boundaries and actor trajectories. By analyzing partial
action tubes and their early evolution, a system can estimate the likelihood that
an observed interaction will escalate into violence.

Most existing violence detection methods do not explicitly address this early
detection problem, focusing instead on retrospective classification [49, 77]. This gap
represents a critical limitation for real-world surveillance systems, where prevention
and timely intervention are paramount. The formal and conceptual considerations
discussed above have direct implications for model design. Systems intended for
violence detection in surveillance environments should:

1. operate on untrimmed video streams rather than curated clips;

2. explicitly model temporal structure and action boundaries;

3. incorporate spatial localization to disambiguate interactions;

4. support early detection by leveraging partial observations.

These requirements strongly favor detection-oriented architectures over pure
classification models. They also motivate the integration of spatio-temporal rea-
soning, long-term context modeling, and e"cient inference mechanisms, which are
examined in detail in the subsequent sections of this chapter.

1.2.5 Frame-Based, Clip-Based, and Event-Based Analysis
Paradigms

The design of an action recognition or detection system is strongly influenced by the
temporal granularity at which video data are analyzed. In the literature, three dom-
inant paradigms can be identified: frame-based analysis, clip-based analysis, and
event-based analysis [28, 74]. Each paradigm embodies a distinct set of assumptions
regarding the temporal structure of actions and entails specific trade-o!s in terms
of representational power, computational complexity, and suitability for real-world
surveillance applications.

This subsection provides a critical examination of these paradigms, with par-
ticular emphasis on their limitations in CCTV environments and their implications
for violence detection systems.
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Frame-based analysis represents the most elementary paradigm for action un-
derstanding, in which each video frame is processed independently and decisions
are derived from static appearance cues [16, 32]. Its appeal lies in computational
simplicity and compatibility with mature image-based architectures. However, the
paradigm fundamentally ignores temporal dynamics, which are essential to disam-
biguate visually similar interactions in surveillance footage [75]. In crowded CCTV
scenes, isolated frames rarely provide su"cient information to distinguish benign
proximity from aggressive behavior, leading to high false positive rates. As em-
phasized in the violence detection literature, frame-level methods exhibit brittle
behavior under occlusion, low resolution, and viewpoint compression, making them
unsuitable as standalone solutions for real-world surveillance [72, 33].

The primary advantage of frame-based analysis lies in its e"ciency. Process-
ing frames independently enables real-time inference and simplifies system design.
Moreover, frame-based methods can leverage advances in image-based object de-
tection and classification, benefiting from mature architectures and large-scale pre-
training [32, 34].

Despite these advantages, frame-based analysis su!ers from severe conceptual
and practical limitations. Most notably, it ignores temporal dynamics, which are
essential for distinguishing between actions that share similar visual appearances.
In surveillance footage, isolated frames often lack su"cient information to disam-
biguate between benign and aggressive interactions. For example, a single frame
depicting close physical proximity between individuals may correspond to a hug, a
crowded environment, or the onset of a violent altercation [4, 19].

Frame-level violence detection systems are highly susceptible to false positives
and false negatives due to their inability to capture motion patterns and temporal
evolution [25, 57]. This limitation is exacerbated in CCTV environments charac-
terized by low resolution, occlusions, and fixed camera viewpoints [55, 20].

Furthermore, frame-based methods are inherently ill-suited for early violence
detection. Since they lack temporal context, they cannot model the progression
from pre-violent behavior to overt aggression. As a result, such systems tend to
react only after violence becomes visually explicit, undermining their preventive
potential [46, 49].

Clip-based analysis introduces short-term temporal context by operating on
fixed-length sequences of consecutive frames [39]. This paradigm enables the ex-
traction of local motion patterns and underpins most modern video architectures,
including 3D CNNs and two-stream networks [68, 60]. Empirically, clip-based mod-
els dominate benchmark performance in violence detection, as they better capture
motion cues associated with physical aggression [62, 3]. However, their reliance
on fixed temporal windows implicitly assumes alignment between clip boundaries
and action boundaries, an assumption rarely satisfied in untrimmed surveillance
streams [51]. As a result, clip-based models often struggle with temporal localiza-
tion and exhibit degraded stability when deployed on continuous CCTV footage
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[12].
Clip-based analysis strikes a balance between representational power and com-

putational feasibility. By capturing short-term temporal dynamics, clip-based mod-
els can di!erentiate between visually similar actions based on motion cues. Modern
deep learning architectures, such as 3D CNNs and two-stream networks, are pre-
dominantly designed for this paradigm [10, 24].

Despite their success, clip-based methods remain constrained by their limited
temporal receptive field. The choice of clip length introduces a trade-o!: short
clips may fail to capture meaningful action dynamics, while long clips increase
computational cost and dilute discriminative information [76].

More critically, clip-based models implicitly assume that actions are temporally
centered within the clip or that the clip boundaries align with action boundaries.
This assumption is rarely satisfied in untrimmed surveillance footage [65]. Con-
sequently, clip-based models often struggle with temporal localization and exhibit
degraded performance when applied to continuous video streams [77].

From an early detection perspective, clip-based models are reactive rather than
predictive. They typically require a substantial portion of the action to be ob-
served before producing confident predictions, limiting their usefulness for early
intervention [49].

Event-based analysis models actions as temporally extended processes embed-
ded within long, untrimmed video streams [77]. Rather than classifying isolated
clips, event-based approaches aim to detect action instances, estimate their tempo-
ral extent, and, in spatio-temporal formulations, localize the actors involved [29].
This paradigm aligns naturally with the characteristics of violent behavior, which
unfolds through progressive stages rather than instantaneous cues [8]. While com-
putationally demanding, event-based formulations provide the necessary foundation
for robust surveillance systems operating in complex, crowded environments.

The event-based paradigm aligns naturally with the characteristics of violent
behavior. Violence is not an instantaneous phenomenon but a process that evolves
over time, often preceded by observable cues [73]. Modeling violence as an event
enables systems to capture this progression and supports early detection and an-
ticipation.

Furthermore, event-based analysis accommodates overlapping and concurrent
actions, which are common in crowded surveillance scenes [44]. By maintaining
explicit action instances, systems can reason about multiple interactions simulta-
neously.

The primary challenge of event-based analysis lies in its complexity. Detecting
events in untrimmed videos requires models to handle long temporal dependencies,
severe class imbalance, and ambiguous action boundaries [31]. Additionally, event-
based systems must operate e"ciently to be viable for real-time surveillance [47].

As highlighted in the STAD survey by Wang et al., current event-based methods
often rely on sophisticated linking algorithms, proposal generation mechanisms, and
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multi-stage pipelines, which increase system complexity and sensitivity to errors
[77].

When evaluated in the context of CCTV surveillance, the limitations of frame-
based and clip-based paradigms become particularly pronounced. Fixed camera
angles, low spatial resolution, and frequent occlusions reduce the reliability of static
appearance cues [70]. Temporal reasoning becomes essential to disambiguate ac-
tions and suppress false alarms.

Many violence detection studies report promising results on curated datasets
but fail to generalize to real-world surveillance footage, precisely because they rely
on clip-based or frame-based assumptions [67, 33].

Event-based approaches, while more demanding, o!er a principled solution to
these challenges. By explicitly modeling temporal structure and action evolution,
they provide the necessary foundation for robust violence detection in operational
environments [54].

Early violence detection fundamentally requires a paradigm shift from classi-
fication to event modeling. Frame-based and clip-based methods are inherently
retrospective, responding only after violence becomes visually salient. Event-based
analysis, in contrast, enables the detection of subtle precursors and supports antic-
ipatory decision-making [77].

This observation underscores the necessity of adopting spatio-temporal detec-
tion frameworks for violence detection in public transportation and surveillance
systems.

1.2.6 Taxonomy of Action Detection Tasks
The diversity of real-world action understanding problems has led to the formula-
tion of multiple variants of action detection tasks, each characterized by distinct
objectives, assumptions, and levels of supervision. A rigorous taxonomy is essential
not only to organize existing methods, but also to clarify their applicability and
limitations in specific domains such as violence detection in surveillance environ-
ments.

This subsection introduces a multi-dimensional taxonomy of action detection
tasks. The taxonomy is structured along four principal axes: temporal scope,
spatial scope, supervision level, and temporal anticipation capability.

One of the most fundamental distinctions among action understanding tasks
concerns the temporal extent of the modeled actions. From this perspective, actions
can be categorized as instantaneous, short-term, or long-term.

Instantaneous actions are characterized by brief, visually salient events that can
often be recognized from a small number of frames. Examples include gestures such
as waving or pointing. While such actions are common in curated datasets, they are
relatively rare in violence detection scenarios, where meaningful patterns typically
unfold over longer temporal intervals.
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Short-term actions span a limited temporal window, typically ranging from a
fraction of a second to several seconds. Many violent behaviors, such as punches
or pushes, fall into this category. However, even within this class, the temporal
boundaries of actions are often ambiguous, complicating detection and evaluation.

Long-term actions or activities extend over longer durations and may involve
multiple sub-actions or phases. In surveillance footage, violence often manifests as
a long-term activity composed of preparatory, escalation, and resolution phases.
Modeling such actions requires systems capable of capturing long-range temporal
dependencies and reasoning over extended sequences.

This temporal taxonomy highlights a key limitation of many existing violence
detection methods, which implicitly assume short-term actions and therefore strug-
gle to capture the full temporal structure of violent events.

Action detection tasks also di!er in terms of spatial localization requirements.
As discussed in Section 1.2.2, these di!erences give rise to distinct problem formu-
lations.

Temporal Action Detection focuses exclusively on identifying the temporal bound-
aries of actions. Spatial information is either ignored or assumed to be implicitly
encoded in the video representation. While TAD simplifies the detection problem,
it is insu"cient for applications requiring actor localization or interaction analysis.

Spatio-Temporal Action Detection extends TAD by explicitly localizing actions
in space and time. STAD models output action tubes that track the spatial extent
of actions across frames.STAD is the most general and challenging formulation,
subsuming both action recognition and TAD.

For violence detection, spatial localization is critical. Violent actions often in-
volve close physical interactions between specific individuals, and the ability to lo-
calize these interactions enables downstream reasoning, visualization, and response
mechanisms. The absence of spatial reasoning is a major shortcoming of many
violence detection approaches.

Another important dimension of the taxonomy concerns the level of supervi-
sion required during training. This aspect has significant practical implications,
particularly in domains where annotated data are scarce or costly to obtain.

Fully supervised approaches rely on precise temporal and, in the case of STAD,
spatial annotations. While these methods often achieve the highest performance
on benchmark datasets, their reliance on dense annotations limits scalability and
generalization. In violence detection, obtaining accurate spatio-temporal annota-
tions is especially challenging due to ethical concerns, subjectivity, and the rarity
of violent events.

Weakly supervised methods aim to reduce annotation costs by relying on coarse
labels, such as video-level or clip-level annotations. These approaches typically infer
temporal or spatial localization implicitly during training. Although promising,
weakly supervised methods often exhibit reduced localization accuracy and remain
sensitive to dataset bias.
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Self-supervised and unsupervised approaches seek to leverage large volumes of
unlabeled video data by exploiting intrinsic temporal and spatial structure. While
still an active area of research, these methods hold particular promise for surveil-
lance applications, where labeled data are limited but raw video streams are abun-
dant.

Beyond retrospective detection, an increasingly important class of tasks focuses
on anticipating actions before they fully occur. This dimension is particularly
relevant for violence detection in safety-critical environments.

Most existing action detection methods operate retrospectively, identifying ac-
tions only after they have occurred. While suitable for o#ine analysis, such ap-
proaches o!er limited utility for prevention and real-time intervention.

Online detection methods process video streams incrementally, producing pre-
dictions with minimal delay. These approaches must balance accuracy with latency
and computational e"ciency. In violence detection, online detection enables faster
response but still often reacts after violence has become explicit.

Early action detection aims to predict actions based on partial observations.
Formally, the task involves estimating the probability of an action occurring in the
future given incomplete temporal information. This formulation aligns naturally
with the concept of early violence detection, where the objective is to identify
precursors of violent behavior before physical harm occurs.

1.2.7 General Pipeline for Action Recognition and Detec-
tion Systems

Despite the wide variety of architectures and learning paradigms proposed in the
literature, most action recognition and detection systems can be described within
a common end-to-end processing pipeline. This pipeline defines the sequence of
transformations applied to raw video data in order to extract meaningful represen-
tations, model temporal dynamics, and ultimately infer action-related decisions.A
high-level overview of this processing pipeline is shown in Figure 1.2.

In surveillance and violence detection scenarios, the design of this pipeline is
particularly critical. Each stage must balance representational richness with com-
putational e"ciency, robustness to noise, and the ability to operate on untrimmed
video streams in real time. Drawing from the analyses presented in recent surveys
on spatio-temporal action detection and violence recognition, this subsection pro-
vides a detailed description of the general pipeline, with explicit emphasis on early
violence detection.

1.2.8 Input Acquisition and Video Characteristics
The pipeline begins with the acquisition of raw video streams, typically captured by
fixed surveillance cameras operating continuously over extended periods. In public
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Figure 1.2: General pipeline and taxonomy of deep-learning-based violence detection
systems, including input modalities, preprocessing, feature extraction, and classification
stages [49].

transportation and CCTV environments, these streams are characterized by low
to moderate spatial resolution, fixed viewpoints, compression artifacts, and highly
variable illumination conditions.

Unlike curated datasets, real surveillance footage is dominated by background
activity, with violent events occurring infrequently and unpredictably. This im-
balance fundamentally shapes the downstream stages of the pipeline, as models
must learn to discriminate rare and subtle patterns from overwhelming amounts of
non-informative data.

1.2.9 Temporal Sampling and Key Segment Selection

Given the redundancy inherent in video data, temporal sampling constitutes a
crucial preprocessing step. Sampling strategies determine which frames or clips
are forwarded to subsequent stages and directly influence both performance and
computational cost.
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Common approaches include uniform frame sampling, sliding-window clip ex-
traction, and adaptive sampling based on motion or scene changes. In detection-
oriented systems, sampling strategies must preserve temporal continuity to avoid
missing the onset of actions. Aggressive subsampling may reduce latency but risks
eliminating early indicators of violent behavior.

The choice of temporal granularity plays a pivotal role in spatio-temporal de-
tection performance, particularly for actions with short or ambiguous temporal
extents.

1.2.10 Pre-processing and Signal Enhancement

Pre-processing aims to normalize input data and enhance salient cues relevant to
action understanding. Typical operations include spatial resizing, normalization,
background suppression, and motion enhancement through optical flow computa-
tion.

In surveillance environments, pre-processing must address challenges such as
camera noise, motion blur, and occlusions. Inadequate pre-processing can signifi-
cantly degrade violence detection performance, particularly in low-quality CCTV
footage.

Importantly, pre-processing decisions influence the type of features that can
be e!ectively learned. For instance, optical flow emphasizes motion patterns but
increases computational complexity, whereas raw RGB processing preserves ap-
pearance cues but may obscure subtle motion dynamics.

1.2.11 Feature Extraction and Representation Learning

Feature extraction constitutes the core of the pipeline, transforming preprocessed
video data into compact representations suitable for learning and inference. Modern
systems employ deep neural networks to learn spatial, temporal, or spatio-temporal
features directly from data.

Frame-based representations capture static appearance information, while clip-
based representations encode short-term motion patterns. In STAD frameworks,
spatio-temporal feature maps are often extracted using 3D convolutions or hybrid
architectures, enabling joint reasoning over space and time.

For violence detection, representation learning must capture both low-level mo-
tion cues and high-level interaction patterns. Violent actions are often defined more
by relational dynamics between individuals than by isolated poses or objects.
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1.2.12 Temporal Modeling and Context Integration
Beyond local feature extraction, e!ective action detection requires modeling tem-
poral dependencies and contextual relationships. Temporal modeling modules ag-
gregate features across time to capture action evolution, suppress noise, and dis-
ambiguate visually similar interactions.

Approaches range from recurrent neural networks and temporal convolutions to
attention-based and transformer architectures. In STAD systems, temporal model-
ing is often intertwined with spatial localization, enabling the construction of action
tubes that track actors over time.

In surveillance scenarios, long-term context is particularly valuable. The abil-
ity to relate current observations to past behavior enables systems to distinguish
between transient anomalies and meaningful precursors of violence. Iinsu"cient
temporal context is a primary cause of fragmented or unstable detections in spatio-
temporal action detection.

1.2.13 Classification, Localization, and Detection Heads
At this stage, learned representations are mapped to action predictions. Depending
on the task formulation, this may involve classification heads, temporal boundary
regression, spatial bounding box regression, or combinations thereof [77].

In STAD frameworks, detection heads output candidate action instances along
with confidence scores [29]. These outputs may be generated at the frame level or
clip level and subsequently linked to form complete action tubes. The design of
detection heads directly a!ects the system’s ability to localize actions accurately
and e"ciently [77].

For violence detection, detection heads must cope with severe class imbalance
and ambiguous boundaries. Huillcen Baca et al. highlight that lightweight detec-
tion heads and carefully designed loss functions are essential for achieving real-time
performance without sacrificing accuracy [35]. In this context, loss re-weighting
strategies and focal loss formulations have proven e!ective in mitigating class im-
balance [31, 45].

Post-processing operations refine raw model outputs to produce coherent and
actionable predictions. These operations may include non-maximum suppression,
temporal trimming, smoothing, and confidence thresholding [25].

Temporal refinement is particularly important in detection tasks, as initial pre-
dictions often span larger temporal regions than the true action extent [65]. Im-
proper trimming can lead to delayed detection or fragmented action instances, both
of which are undesirable in surveillance applications.

The final stage of the pipeline concerns early violence detection and decision-
making. Rather than waiting for an action to fully unfold, early detection systems
aim to raise alerts based on partial observations and evolving evidence [49].
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Formally, early violence detection can be viewed as estimating the probability
of a violent event given a prefix of the video stream [77]. This requires integrating
temporal cues, contextual information, and uncertainty estimation. Systems must
trade o! timeliness against reliability, minimizing both detection latency and false
alarms.

As emphasized in recent studies, most existing violence detection pipelines are
optimized for retrospective analysis and lack explicit mechanisms for early detection
[49, 77]. Addressing this limitation requires rethinking the pipeline as a continuous,
adaptive process rather than a static classification task.

1.3 Deep Learning Approaches for Action and
Violence Recognition

The problem of automatic violence detection in video surveillance has progres-
sively evolved from heuristic, handcrafted pipelines toward deep learning–based
approaches capable of learning spatio-temporal representations directly from data.
This evolution mirrors the broader trajectory of action recognition research, where
the shift from manual feature engineering to end-to-end learning has enabled signif-
icant performance gains, albeit at the cost of increased computational complexity
and data requirements.

From a conceptual standpoint, most deep learning approaches for violence recog-
nition can be interpreted as specific instantiations of the general action recognition
and detection pipeline discussed in Section 1.2.7. However, the peculiar characteris-
tics of violent behavior, combined with the constraints of surveillance environments,
impose additional challenges that di!erentiate violence recognition from generic ac-
tion recognition tasks.

In particular, as extensively analyzed in the recent survey, violence detection
methods must cope with: (i) strong visual ambiguity between violent and non-
violent interactions, (ii) severe class imbalance due to the rarity of violent events,
(iii) limited availability of large-scale, well-annotated datasets, and (iv) the need for
real-time or near-real-time inference in operational settings. These factors strongly
influence architectural choices, training strategies, and evaluation protocols.

This section provides a comprehensive technical survey of deep learning ap-
proaches for action and violence recognition, with a critical analysis of their strengths,
limitations, and suitability for early violence detection in CCTV environments. The
discussion integrates the taxonomy and methodological insights from the spatio-
temporal action detection literature [77] with the domain-specific analysis of vio-
lence recognition methods presented in Section 4 of the survey by Negre et al. [49].
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1.3.1 Design Space of Deep Architectures for Violence Recog-
nition

A central design question in video-based violence recognition concerns how tempo-
ral dynamics are modeled and integrated with spatial information. Formally, given
a video sequence X1:T , deep learning approaches aim to approximate the condi-
tional distribution p(y | X1:T ), where y denotes a violence-related label, such as a
binary violent/non-violent classification or a finer-grained action category. Di!er-
ent architectural families correspond to di!erent factorizations and approximations
of this distribution, reflecting distinct assumptions about the relative importance
and interaction of spatial and temporal cues.

Negre et al. [49] categorize existing deep learning–based violence detection meth-
ods into several major families, each characterized by a specific strategy for tempo-
ral modeling. In the following, these families are discussed in a unified framework,
highlighting their relevance to surveillance scenarios and early violence detection.
A quantitative synthesis of the literature further reveals strong architectural regu-
larities and a marked sensitivity to dataset realism. Figures 1.3–1.5 summarize the
distribution of architectural families and their combinations, while Figures 1.6–1.8
report representative benchmark accuracies across three widely used datasets.

These results highlight a structural gap between reported benchmark perfor-
mance and robustness under real-world surveillance conditions, motivating detection-
oriented and domain-aligned approaches.

1.3.2 2D CNN-Based Approaches with Temporal Aggrega-
tion

In this paradigm, a CNN encoder ε(·) operates independently on each frame Xt,
producing a sequence of spatial embeddings

zt = ε(Xt)), (1.6)

that are subsequently aggregated over time using simple pooling or voting strate-
gies, implicitly assuming temporal independence between frames.

This class of methods constitutes one of the earliest and most widely explored
approaches in the violence detection literature, largely due to its simplicity and
compatibility with pretrained image classification backbones. Representative works
employ architectures such as VGG, ResNet, or MobileNet to extract frame-level
features, followed by shallow temporal fusion.

While computationally e"cient, these approaches su!er from fundamental lim-
itations. By marginalizing temporal structure through simple aggregation, they
discard motion information that is often critical for distinguishing violent interac-
tions from visually similar but benign behaviors. As a consequence, frame-based
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Figure 1.3: Count of the types of algorithms used in violence detection phase 1 in the
selected articles grouped by category [49].

CNN methods are particularly prone to false positives in crowded scenes or dur-
ing non-violent physical contact, a limitation repeatedly observed across multiple
datasets.

From the perspective of early violence detection, purely frame-based CNN ap-
proaches are inherently reactive. They typically respond only when violence be-
comes visually explicit, o!ering limited predictive capability with respect to pre-
violent behavior.

1.3.3 Two-Stream and Optical Flow–Based Architectures
Another prominent family of approaches exploits the separation between appear-
ance and motion by employing two-stream architectures. In these models, one
stream processes RGB frames, while the other processes motion representations,
typically optical flow. The outputs of the two streams are fused at di!erent stages
to produce a final prediction.
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Figure 1.4: Count of the types of algorithms used in violence detection phase 2 in the
selected articles grouped by category [49].

Two-stream architectures often achieve improved performance compared to single-
stream CNNs, particularly on datasets where motion cues are discriminative of vi-
olent behavior. Optical flow emphasizes rapid, irregular movements and collisions,
which are characteristic of many violent actions.

Despite these advantages, flow-based approaches introduce significant compu-
tational overhead and are sensitive to noise, camera motion, and compression arti-
facts—factors that are ubiquitous in CCTV footage. As a result, their deployment
in real-time surveillance systems is often impractical without substantial optimiza-
tion. Moreover, optical flow primarily captures short-term motion and does not
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Figure 1.5: Count of the types of algorithm combinations used in the selected arti-
cles grouped by subcategory. Colors: Yellow corresponds to the use of CNNs, purple to
skeleton-based algorithms, orange to manual techniques, red to those utilizing audio, gray
to those employing transformers, and green to LSTM [49].

explicitly encode higher-level interaction semantics, which are crucial for early vi-
olence detection.

1.3.4 3D Convolutional Neural Networks
Three-dimensional convolutional neural networks extend 2D convolutions to the
temporal dimension, enabling joint learning of spatial and temporal features di-
rectly from video volumes. Architectures such as C3D, I3D, R(2+1)D, and their
lightweight variants have been widely adopted for action recognition and, more re-
cently, for violence detection. 3D CNNs generally outperform 2D-based methods
on benchmark violence datasets, as they better capture motion dynamics without
requiring explicit optical flow computation. However, their high computational
cost and memory footprint pose challenges for deployment in resource-constrained
environments.
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Figure 1.6: Accuracy obtained by selected items in the Action Movies dataset. Colors:
Yellow corresponds to the use of CNNs, purple to skeleton-based algorithms, orange to
manual techniques, red to those utilizing audio, gray to those employing transformers,
and green to LSTM [49].

Three-dimensional convolutional neural networks (3D CNNs) extend 2D ker-
nels along time, enabling joint reasoning over appearance and motion within short
clips [38, 68]. Two-stream networks decouple appearance and motion via separate
RGB and optical-flow streams [60], while I3D inflates pretrained 2D filters into
3D kernels to exploit transfer learning [10]. Factorized models such as R(2+1)D
reduce compute by separating temporal and spatial operators [69], and multi-path
designs such as SlowFast capture both slow semantic context and fast motion tran-
sients [24]. E"ciency-centric designs like X3D further improve accuracy-to-FLOPs
trade-o!s, which is pivotal for embedded multi-stream inference [23].

25



Introduction

Figure 1.7: Accuracy obtained by selected items in the Violent Flow dataset. Colors:
Yellow corresponds to the use of CNNs, purple to skeleton-based algorithms, orange to
manual techniques, red to those utilizing audio, gray to those employing transformers,
and green to LSTM [49].

When the task is framed as STAD, architectural choices are coupled to post-
processing. STAD methods are commonly categorized into frame-level and clip-
level approaches: frame-level methods produce per-frame boxes and then link them
across time, whereas clip-level methods output tubelets (short sequences of boxes)
that are subsequently linked into full action tubes [77]. Linking algorithms typi-
cally combine spatial overlap (IoU) and classification/actionness scores, often solved
with dynamic programming/Viterbi-style optimization; additional temporal trim-
ming methods aim to refine the start/end boundaries to mitigate transition-state
ambiguity [77]. This matters for buses, where transitional states (e.g., pushing
through a crowd) can be visually similar to early-stage aggression.
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Figure 1.8: Accuracy obtained by selected items in the Real Life Violent Scenes Dataset.
Colors: Yellow corresponds to the use of CNNs, purple to skeleton-based algorithms, or-
ange to manual techniques, red to those utilizing audio, gray to those employing trans-
formers, and green to LSTM [49].

Transformer-based architectures have also become influential in STAD, moti-
vated by their capacity to model long-range dependencies and relations among
actors and context. Surveyed frameworks include transformer-style tubelet detec-
tors that directly output action tubelets from a single representation, and relation-
centric models that integrate spatio-temporal attention or graph reasoning over
actor tubelets [77]. While transformer inference can be compute-intensive, hy-
brid designs—combining e"cient backbones with limited attention windows—are
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promising for embedded surveillance, provided their latency and calibration behav-
ior are explicitly validated.

For CCTV and bus interiors, these architectures must be evaluated not only by
benchmark accuracy but by resilience to occlusions, compression, and viewpoint
shifts, and by their behavior under severe class imbalance. Multi-rate and fac-
torized designs are attractive because they o!er control over temporal resolution
versus compute load, enabling real-time operation without discarding temporal cues
critical for disambiguating aggressive interactions [24, 23].

1.3.5 CNN–RNN Architectures: Explicit Temporal Mod-
eling

To overcome the lack of temporal reasoning in frame-based CNN approaches, a
substantial body of work integrates recurrent neural networks, such as Long Short-
Term Memory (LSTM) or Gated Recurrent Unit (GRU) architectures, on top of
CNN feature extractors. In this formulation, the CNN encodes each frame or short
clip into a feature representation, while the recurrent module explicitly models
temporal dependencies across the sequence according to

ht = RNN(zt, ht↑1), ŷ = g(hT ), (1.7)

where ht denotes the hidden state at time t and g(·) represents a task-specific
classification head.

Negre et al. [49] report that CNN–LSTM architectures represent one of the
most common design choices for violence recognition, particularly in early works
addressing datasets such as Hockey Fight, Violent-Flows, and Movies. These mod-
els explicitly capture temporal evolution and can, in principle, recognize patterns
associated with escalation toward violence.

However, their e!ectiveness is highly dependent on the quality of the extracted
features and the length of the temporal window. In long surveillance videos, recur-
rent models often struggle to maintain stable representations, and their training can
be a!ected by vanishing gradients and overfitting. Moreover, CNN–RNN pipelines
tend to focus on retrospective recognition rather than anticipation, limiting their
applicability to early detection scenarios.

1.3.6 Transformer-Based Models and Attention Mechanisms
More recent approaches leverage attention mechanisms and transformer architec-
tures to model long-range temporal dependencies. By allowing each temporal token
to attend to all others, transformers provide a powerful framework for capturing
complex interactions and contextual cues.

While transformer-based models have shown promising results in generic action
recognition and spatio-temporal action detection [77], Negre et al. [49] note that
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their adoption in violence detection remains limited. This is primarily due to
their high data requirements and computational complexity, which are di"cult to
reconcile with the scarcity of violence datasets and real-time constraints.

Nevertheless, attention-based mechanisms are conceptually well aligned with
early violence detection, as they can highlight subtle precursors and relational pat-
terns over extended temporal horizons.

1.3.7 Skeleton-based and Pose-driven Approaches
Skeleton-based approaches first estimate 2D/3D keypoints and then model their
temporal evolution to recognize actions or interactions [59, 83, 74]. Conceptually,
this abstraction can reduce sensitivity to illumination and appearance and yields
low-dimensional sequences amenable to graph convolutional networks or temporal
models [83, 58]. For violence recognition, pose dynamics may capture characteristic
patterns such as punches, kicks, or pushes when keypoints are reliable [43].

In surveillance practice, however, pose pipelines face two fundamental con-
straints that are amplified in buses: (i) keypoint estimation quality degrades sharply
under far-field views, low resolution, and heavy occlusion; (ii) the computational
overhead of keypoint extraction can be prohibitive for real-time, multi-stream de-
ployments. E"ciency-focused surveillance work explicitly notes that skeleton ex-
traction entails high computational cost and is often unsuitable for unconstrained
surveillance because cameras are not focused on the violent scene, yielding partial
bodies and ambiguous joints [35]. In bus interiors, where poles, seat structures,
and standing passengers frequently occlude limbs, skeleton signals can become in-
termittent and systematically biased.

For these reasons, while skeleton-based methods remain valuable as comple-
mentary signals when pose quality is su"cient, RGB-based spatio-temporal models
generally o!er more graceful degradation under crowding and partial visibility. In
this thesis, pose-driven representations are therefore treated as auxiliary modalities
rather than primary detection channels for onboard violence detection. Finally,
Section 4 of [49] emphasizes the growing interest in lightweight architectures tai-
lored for real-time surveillance. These methods prioritize e"ciency, often sacrificing
some accuracy to achieve low latency and reduced resource consumption.

The work by Huillcen Baca et al. [35] exemplifies this trend, proposing an e"-
cient pipeline for violence recognition designed explicitly for real-time deployment.
Such approaches are particularly relevant for early detection, where delayed pre-
dictions may negate the practical value of the system.

Across all architectural families, a recurring theme emerges: most deep learning
approaches to violence recognition are optimized for clip-level classification and
retrospective analysis. As a result, they often fail to address the core requirements
of early violence detection in surveillance environments.

Integrating insights from spatio-temporal action detection [77] and the detailed
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analysis of violence recognition methods in [49], it becomes evident that future sys-
tems must move beyond static classification toward detection-oriented, temporally
aware, and computationally e"cient models. This observation motivates the more
detailed analysis of specific architectural families and training strategies presented
in the following subsections.

1.4 Comprehensive Analysis of Deep Learning Ap-
proaches for Violence Detection

The analysis of deep learning–based violence detection methods reveals that the
majority of existing research converges on a relatively narrow interpretation of the
problem, primarily focused on the recognition of physical aggression in video data.
Pphysical aggression constitutes the most visually explicit and therefore most com-
monly addressed form of violence in surveillance-oriented datasets. Actions such
as punching, kicking, pushing, or group fighting dominate the literature, largely
because they can be more easily identified from visual cues compared to psycholog-
ical or verbal aggression. This focus, however, introduces a structural bias toward
late-stage and overt manifestations of violence, implicitly neglecting the early and
often ambiguous phases that precede physical confrontation.

From a methodological standpoint, most violence detection systems frame the
task as a binary classification problem at the clip or video level, where short, tem-
porally trimmed sequences are labeled as violent or non-violent. While this formu-
lation simplifies training and evaluation, it obscures the inherently temporal and
progressive nature of violent events. In real surveillance scenarios, violence does
not occur instantaneously but emerges through a sequence of interactions, posture
changes, and escalating behaviors. Treating violence as a static label rather than a
temporally evolving process fundamentally limits the capacity of models to support
early detection and preventive intervention.

The challenges associated with detecting physical aggression in surveillance
footage are multifaceted and extend well beyond model architecture. CCTV videos
typically su!er from low spatial resolution, fixed viewpoints, compression artifacts,
and poor or variable illumination. Physical aggression often involves rapid move-
ments, partial occlusions, and close proximity between individuals, making it di"-
cult to distinguish violent interactions from benign physical contact, such as crowd-
ing or playful behavior. Moreover, surveillance scenes frequently contain multiple
actors and overlapping activities, further complicating the extraction of reliable
spatio-temporal cues. These visual and environmental constraints significantly de-
grade the e!ectiveness of methods that perform well on curated or staged datasets.

Temporal ambiguity represents another fundamental challenge. Violent events
rarely exhibit well-defined temporal boundaries, and the transition from non-violent
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to violent behavior is often gradual. This ambiguity leads to inconsistent annota-
tions across datasets and undermines the reliability of supervised learning. In many
cases, di!erent annotators may disagree on when violence begins or ends, introduc-
ing label noise that propagates through the training process. This issue is partic-
ularly critical for detection and early detection tasks, where temporal precision is
essential. Despite this, most existing datasets provide only coarse temporal annota-
tions or clip-level labels, limiting the development of models capable of fine-grained
temporal reasoning.

Dataset design plays a central role in shaping the behavior and perceived per-
formance of violence detection algorithms. Widely used datasets vary significantly
in terms of acquisition conditions, video duration, annotation granularity, and real-
ism. Many datasets consist of short clips extracted from movies, sports broadcasts,
or staged scenarios, which tend to exaggerate violent actions and present them in
visually clean conditions. While such datasets facilitate benchmarking, they fail
to capture the complexity and variability of real-world surveillance footage. More
realistic datasets, such as those collected from CCTV-like environments, often con-
tain longer, untrimmed videos but provide limited annotation detail and su!er
from severe class imbalance. Crucially, none of the commonly used datasets are
explicitly designed to support early violence detection, as they lack annotations for
pre-violent phases or escalation dynamics.

In response to the length and redundancy of surveillance videos, most violence
detection pipelines incorporate mechanisms for selecting relevant frames or tem-
poral segments. Simple approaches rely on uniform sampling or sliding-window
extraction of fixed-length clips, which are computationally e"cient but risk miss-
ing critical moments or diluting discriminative information with irrelevant con-
tent. More advanced strategies exploit motion cues, optical flow statistics, or vi-
sual saliency to identify potentially informative segments. While these methods
can focus computation on dynamic regions, they are sensitive to noise and camera
motion and often emphasize frames where violence is already apparent. Learning-
based selection mechanisms, including attention models, o!er greater flexibility but
increase system complexity and are rarely evaluated under real-time constraints.
Importantly, the majority of frame and segment selection strategies are designed
for retrospective recognition rather than anticipation, limiting their e!ectiveness
for early detection.

The analysis of violence detection algorithms reveals a strong predominance
of clip-based approaches, reflecting both dataset design and evaluation practices.
Frame-based methods, typically built on 2D CNNs, process each frame indepen-
dently and aggregate predictions over time. Although computationally e"cient,
these methods are fundamentally limited by their inability to capture motion dy-
namics and temporal evolution. Clip-based approaches, including 3D CNNs, CNN
RNN hybrids, and two-stream architectures, incorporate short-term temporal in-
formation and generally achieve higher accuracy on benchmark datasets. However,

31



Introduction

they remain constrained by fixed temporal windows and struggle to generalize to
untrimmed video streams. Event-based and detection-oriented approaches, which
model violence as a temporally extended process, are conceptually better aligned
with surveillance requirements but are significantly less explored in the literature.

A critical trend identified across the reviewed works is the prioritization of
classification accuracy over robustness, generalization, and operational viability.
High reported accuracies often reflect dataset-specific biases rather than genuine
advances in understanding violent behavior. Cross-dataset evaluation is rarely per-
formed, and when it is, performance typically degrades substantially. Moreover,
relatively few studies explicitly address real-time constraints, false alarm rates,
or system-level considerations, despite their central importance for deployment in
public safety applications. Lightweight and e"cient architectures are occasionally
proposed, but their evaluation is often limited to controlled settings, leaving open
questions about their reliability in complex surveillance environments.

Taken together, the literature analysis highlights a substantial gap between the
current state of research and the requirements of practical violence detection sys-
tems. Early violence detection, in particular, remains largely unaddressed. Most
existing methods are reactive, triggering alarms only after physical aggression be-
comes visually explicit. Bridging this gap requires a fundamental shift in problem
formulation, from static clip-level classification toward spatio-temporal detection
and anticipation. Such a shift necessitates not only new model architectures, but
also new datasets, annotation protocols, and evaluation methodologies explicitly
designed to capture the temporal evolution of violent behavior. This observation
motivates the methodological choices and contributions presented in the subsequent
chapters of this dissertation.

1.5 Action Recognition in CCTV Environments
The majority of advances in action recognition and violence detection have been
driven by progress on curated benchmark datasets, often characterized by trimmed
videos, controlled viewpoints, and relatively clean visual conditions. However, when
these methods are deployed in real-world CCTV environments, their performance
frequently degrades, revealing a substantial gap between laboratory settings and
operational surveillance scenarios. Understanding this gap is essential for framing
violence detection as a practical problem rather than a purely academic one.

CCTV-based action recognition di!ers fundamentally from generic action recog-
nition along multiple dimensions, including video quality, scene dynamics, temporal
structure, and operational constraints. As highlighted across the surveys by Negre
et al. [49], Wang et al. [77], and the real-time–oriented study by Huillcen Baca et
al. [35], these di!erences profoundly influence both algorithm design and evaluation
methodology.
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1.5.1 Characteristics of CCTV Surveillance Data

CCTV footage is typically acquired from fixed cameras operating continuously over
long periods. Unlike videos collected for action recognition benchmarks, surveil-
lance streams exhibit low and heterogeneous spatial resolution, strong compression
artifacts, limited frame rates, and fixed or elevated viewpoints. In public trans-
portation scenarios, cameras are often mounted at ceiling level, producing top-
down or oblique views that distort human appearance and reduce the visibility of
discriminative body cues.

Illumination conditions vary widely due to time of day, weather, and artificial
lighting, while motion blur and noise are common in low-cost camera systems. Fur-
thermore, surveillance scenes are dominated by background activity, with actions
of interest occupying only a small fraction of the temporal axis. This imbalance
exacerbates false positives and makes naive application of clip-level classifiers im-
practical.

In such settings, the visual signatures of actions are weak and context-dependent.
Violent and non-violent interactions may appear visually similar when observed
from a distance or under occlusion. These characteristics undermine the assump-
tions underlying many action recognition models trained on high-quality, human-
centric datasets.

1.5.2 Limitations of Benchmark-Oriented Action Recogni-
tion Models

Most action recognition architectures implicitly assume that the input video con-
tains a single, temporally localized action, centered within a short clip. This as-
sumption is violated in CCTV footage, where actions emerge unpredictably and
may overlap in time and space. As a result, models trained on trimmed datasets
often exhibit unstable behavior when applied to untrimmed streams, producing
fragmented detections or spurious activations.

The reliance on clip-level supervision further limits generalization. Benchmark
datasets typically provide precise labels aligned with clip boundaries, whereas
surveillance datasets often rely on weak or coarse annotations. This mismatch
leads to overfitting to dataset-specific biases, such as scene layout, camera angle, or
actor appearance, rather than learning robust representations of human behavior.

Wang et al. [77] explicitly note that the majority of action recognition models
are ill-suited for continuous video analysis, motivating the shift toward temporal
and spatio-temporal action detection frameworks. In the context of CCTV, this
shift is not optional but necessary, as meaningful system behavior depends on the
ability to process long streams and reason about temporal structure.
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1.5.3 Action Recognition versus Action Detection in CCTV
In surveillance environments, the distinction between action recognition and action
detection becomes particularly pronounced. While recognition answers the question
of what action is present, detection additionally addresses when and where the
action occurs. For CCTV-based violence detection, temporal localization is critical:
operators and automated systems must know not only that violence has occurred,
but also its duration and evolution.

Spatio-temporal action detection (STAD) o!ers a principled framework for mod-
eling actions as temporally extended and spatially localized events. However, as
discussed in [77], STAD methods are computationally demanding and sensitive to
annotation quality, both of which pose challenges in surveillance contexts. More-
over, most STAD benchmarks still di!er substantially from real CCTV footage in
terms of scene complexity and video quality.

Despite these challenges, detection-oriented formulations align more naturally
with the requirements of CCTV systems. They enable reasoning about multiple
concurrent actions, tracking of interacting individuals, and integration with down-
stream components such as multi-camera tracking and alarm generation.

1.5.4 Real-Time Constraints and System-Level Considera-
tions

A defining characteristic of CCTV-based action recognition is the need for real-
time or near-real-time operation. Surveillance systems must process continuous
video streams with minimal latency, often on resource-constrained hardware. This
requirement imposes strict limits on model complexity, memory usage, and prepro-
cessing overhead.

Huillcen Baca et al. [35] emphasize that achieving real-time violence recognition
necessitates careful architectural design, including lightweight backbones, e"cient
temporal modeling, and streamlined pipelines. Models that achieve state-of-the-
art accuracy on benchmarks may be unsuitable for deployment if their inference
latency exceeds the temporal window required for intervention.

Real-time constraints also interact with early violence detection. A system that
detects violence accurately but with significant delay may fail to prevent harm.
Consequently, timeliness becomes as important as classification performance, shift-
ing the evaluation focus toward latency-aware metrics and online processing capa-
bilities.

1.5.5 Early Violence Detection in CCTV Environments
Early violence detection represents one of the most challenging and underexplored
aspects of CCTV-based action recognition. Unlike retrospective recognition, early
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detection requires predicting the likelihood of violence based on partial observa-
tions, often before overt physical aggression occurs. This task is inherently uncer-
tain and demands models capable of capturing subtle behavioral cues and temporal
trends.

Current datasets and evaluation protocols provide limited support for early
detection. Most violence annotations correspond to fully developed events, o!ering
no supervision for pre-violent phases. As a result, models are typically optimized
to recognize explicit violence rather than anticipate escalation.

Integrating insights from action detection and anticipation research with the
domain-specific suggests that early violence detection should be framed as a spatio-
temporal prediction problem on untrimmed streams. Such a framing encourages
the development of models that operate incrementally, maintain temporal context,
and explicitly trade o! prediction confidence against timeliness.

1.5.6 Real-Time Constraints and Practical Challenges
Real-time operation is the defining constraint of CCTV violence detection. From
a systems perspective, end-to-end latency aggregates across encoding, decoding,
bu!ering, clip sampling, inference, post-processing, and alert dispatch. Inside
buses, where multiple IP cameras stream concurrently to an onboard compute unit,
the pipeline must balance throughput and low jitter under constrained power and
thermal envelopes. E"cient media pipelines (e.g., zero-copy decoding) and careful
batching can improve utilization, but excessive batching risks head-of-line blocking
that increases time-to-alert [85, 56].

Model-side constraints interact with these systems issues. Larger temporal win-
dows improve recognition but delay the earliest possible decision; sparse temporal
sampling mitigates this by distributing a fixed number of frames across a longer in-
terval [76]. Multi-rate architectures can trigger provisional alerts via a fast branch
while refining decisions as more context accrues [24]. Quantization and mixed pre-
cision can further reduce compute, but calibration after compression is crucial for
setting operational thresholds [37].

An important practical point raised by e"ciency-oriented surveillance work is
that “real-time capability” is often asserted without standardized measurement.
Huillcen Baca et al. note the lack of a formal method and adopt a pragmatic
protocol: measuring processing time per 30 frames assuming 30 fps as a default for
surveillance; under this protocol they report an average latency of 0.072 s to process
30 frames (i.e., roughly one second of video) on a modest GPU-equipped laptop
[35]. They further implement a local surveillance prototype that loops over 30-
frame bu!ers, overlays predicted labels, and releases bu!ers iteratively, providing
a deployment-oriented validation beyond o#ine benchmarking [35].

While the exact numbers are hardware-dependent, the methodological point
is central for buses: latency metrics must be reported in a way that maps to
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operational constraints (alerts per second, streams per device, thermal limits), not
only to FLOPs or parameter counts.

Operationalization introduces evaluation criteria that standard academic met-
rics rarely capture: false alerts per hour per camera, temporal stability of predic-
tions across sliding windows, localization within the scene, and mean time to de-
tection from incident onset. These criteria become even more important in buses,
where driver distraction costs constrain tolerable false positives. In addition, pri-
vacy and governance requirements push architectures toward on-board inference
with compact, encrypted alerts and short pre/post bu!ers rather than continuous
streaming to control centers [22, 21, 85]. In essence, real-time CCTV violence de-
tection is a joint optimization over representation learning, systems engineering,
and governance; for buses, these constraints are the preconditions for safe and
responsible deployment.

1.6 Public Datasets for Violent and Aggressive
Behavior Detection

Datasets are the substrate of progress in computer vision. For violence detection,
dataset choice is particularly consequential because the semantics of “violence”
depend on subtle, context-dependent cues that are unevenly represented across
domains. Recent review work underscores both the growth and fragmentation of
available resources: dozens of datasets and a broad diversity of algorithm inputs and
preprocessing strategies, reflecting the absence of a single dominant data standard
for violence detection [49]. This diversity matters for buses, where domain shift is
often the principal failure mode.

A rigorous treatment distinguishes four axes. First, label granularity ranges
from clip-level binary labels to spatio-temporal localization of atomic actions (e.g.,
AVA bounding boxes) [29]. Second, temporal structure ranges from trimmed clips
to untrimmed streams, shifting the task from classification to detection/localization
[65]. Third, modality can be visual-only or audio-visual, the latter o!ering comple-
mentary cues at the cost of increased privacy sensitivity and acoustic confounds in
vehicles. Fourth, domain determines transferability: movies and sports o!er high
signal-to-noise exemplars but diverge from CCTV and onboard video statistics [67].

1.6.1 Overview of Existing Datasets
The Hockey Fight dataset provides balanced fight vs. non-fight clips from broadcast
hockey videos [52]. Its value lies in clear motion patterns and reproducibility, but it
is strongly biased: fights typically occupy much of the frame and the visual context
is homogeneous. Such biases are explicitly noted in e"ciency-oriented surveillance
work as reasons why sports data are weak proxies for real surveillance [35].
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Movie-derived corpora, including MediaEval violence-scene detection resources,
o!er shot-level annotations and support multimodal research [18, 17, 61]. However,
cinematography and choreography diverge from fixed CCTV viewpoints, limiting
transfer to buses.

Surveillance-oriented datasets provide closer alignment. Violent Flows empha-
sizes crowded scenes and global motion statistics [30]. RWF-2000 o!ers CCTV-
style clips of fights and non-fights [13], but it is curated from online sources and may
underrepresent night scenes and unedited CCTV noise; this limitation is also dis-
cussed in applied work that contrasts RWF-2000 with truly in-domain surveillance
footage [35]. Untrimmed anomaly datasets such as UCF-Crime promote weakly
supervised temporal localization in long videos [65]. Audio-visual datasets such
as XD-Violence support multimodal weak supervision, though their deployment
relevance depends on audio governance [82].

A practical addition to this landscape is VioPeru, introduced as a dataset of real
violence and non-violence extracted from municipal CCTV records in Peru. It com-
prises hundreds of short clips collected from multiple municipalities and includes
additional non-violent videos for false-positive analysis, with explicit attention to
ethical authorization and dataset legitimacy [35]. The motivation is precisely to
validate whether models that perform well on common benchmarks remain e!ec-
tive under real surveillance conditions such as night scenes, varied resolutions, and
occlusion [35].

Finally, for this dissertation’s bus-specific scope, the Bus Violence benchmark
targets bus interiors directly [7]. Its camera geometry, occlusion patterns, and mo-
tion/illumination dynamics more closely match vehicle-mounted CCTV, providing
a more honest estimate of performance in the target domain. The remaining caveat
is ecological validity: staged incidents may not fully capture the distribution of gen-
uine aggression.

1.6.2 Limitations for Real-World Deployment
The principal barrier to deployment is not the absence of datasets, but mismatch.
Most public corpora favor trimmed clips, binary labels, and salient exemplars to
simplify annotation and release, whereas operational systems must handle untrimmed,
multi-stream inputs, low signal-to-noise ratios, and asymmetric error costs. This
mismatch manifests as brittle time-to-alert behavior and poor calibration when
models are exposed to bus-specific noise sources.

Label granularity is a persistent limitation. Binary labels do not capture onset,
duration, or spatial locus, even though these properties matter for escalation and
evidence retrieval. Fine-grained datasets (e.g., AVA) support localization but di!er
in camera placement and behavior statistics from buses [29]. Weakly supervised
anomaly datasets provide temporal localization but can induce shortcut learning
and su!er label noise [65]. The STAD literature reinforces that spatio-temporal
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annotations are expensive, motivating label-e"cient learning and online detection
methods as key future directions [77]—a point that is directly relevant to buses
where annotation is both costly and sensitive.

Domain bias compounds these issues. Sports and movies concentrate discrim-
inative motion centrally and present canonical views; CCTV distributes signal
sparsely across cluttered scenes and subjects it to compression, glare, and low light.
Torralba and Efros’ dataset bias observations remain apt: models internalize the
peculiarities of their training corpora and generalize poorly outside them [67]. Even
CCTV datasets can be biased if collected from edited online sources. VioPeru-style
data illustrate the extent of variability in real surveillance—night scenes, occlusion,
varying resolutions, and diverse forms of violence beyond fistfights—properties that
better match the operational domain [35].

A further limitation is the misalignment between academic metrics and oper-
ational requirements. While clip accuracy or framewise AUC are useful, transit
agencies care about false alerts per hour, temporal stability, event-level detection
latency, and interpretability. Recent reviews categorize challenges in violence detec-
tion into groups that explicitly include hardware and real-time constraints, detec-
tion/monitoring issues (e.g., occlusion and scale variation), image quality/lighting,
and environmental changes [49]. These categories map directly onto bus interiors,
where camera position and viewpoint compression, heavy occlusion, and illumina-
tion variation are routine.

In sum, no single dataset satisfies all desiderata for bus deployment. A practical
strategy is staged: pretrain on large generic corpora, adapt on CCTV-oriented data,
fine-tune on bus-specific benchmarks, and—where governance allows—leverage self-
supervised learning on unlabeled in-domain streams to reduce residual domain shift
[40, 29, 7, 77].

1.7 Research Gaps in the Literature
Despite progress in action recognition and intelligent surveillance, several gaps still
limit reliable onboard violence detection in buses. First, a persistent domain gap
remains between academic benchmarks and vehicle-mounted CCTV. Bus interi-
ors exhibit fixed elevated viewpoints, strong perspective compression along narrow
aisles, frequent occlusions by poles and passengers, and non-stationary backgrounds
due to vehicle motion. Reviews of violence detection explicitly list camera position,
occlusion, and scale variation among core challenges, alongside illumination vari-
ation and non-stationary backgrounds. These factors systematically undermine
models trained on non-vehicle domains.

Second, label granularity rarely matches operational needs. Binary labels do
not support onset/duration reasoning, while weak localization labels can promote
context-driven shortcuts. Although STAD provides a principled framework to
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jointly address class, temporal extent, and actor localization, STAD annotation is
expensive, motivating label-e"cient learning as an open problem. For buses, where
privacy and annotation costs are high, the literature lacks consensus on practical
protocols that combine minimal supervision, robust localization, and calibrated
alerting.

Third, real-time constraints remain under-modeled. Surveys and applied work
point out that many proposals optimize accuracy without rigorous, standardized
measurement of latency and throughput under realistic surveillance settings [35,
49]. In buses, the true bottleneck is end-to-end time-to-alert across multi-stream
pipelines, not only FLOPs. Furthermore, confidence calibration after compres-
sion/quantization is underexplored in surveillance despite its importance for thresh-
old setting under asymmetric error costs [37].

Fourth, multi-camera reasoning for onboard environments is not yet mature.
While multi-view surveillance has a long history [78], bus cameras are short-baseline,
sometimes partially overlapping, and subject to independent exposure/compression
dynamics and mild temporal drift. Simple late-fusion rules do not account for per-
view reliability or asynchronous streams, and principled cross-view models that
incorporate geometry and temporal uncertainty remain scarce.

Finally, the gap between academic metrics and operational outcomes persists.
Transit deployments require reporting and optimizing for false alerts per hour, tem-
poral persistence, event-level latency, and interpretable localization. The STAD lit-
erature explicitly highlights online real-time STAD as a future direction for surveil-
lance applications, requiring systems to process incoming frames/clips using only
history and current data and to report detections as soon as possible [77]. Trans-
lating these requirements to buses demands evaluation protocols and datasets that
make latency, calibration, and cross-view consistency first-class, alongside privacy-
by-design constraints mandated by regulation [22, 21].

Taken together, these gaps motivate the dissertation’s focus: bus-specific do-
main alignment, deployment-oriented e"ciency and latency analysis, principled
(and privacy-aware) localization consistent with STAD-style objectives, and evalu-
ation protocols tied to operational risk rather than benchmark convenience.

1.8 Objectives and Contributions of This Disser-
tation

This dissertation responds to the aforementioned gaps by advancing a domain-
aligned approach to violence detection that is expressly tailored to bus interiors and
to the realities of embedded, multi-camera deployment. The overarching objective
is to design, implement, and rigorously validate a real-time system that transforms
raw multi-stream CCTV inputs into reliable aggression alerts with bounded latency,
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under the legal and operational constraints of public transport. Achieving this ob-
jective requires contributions that span representation learning, dataset construc-
tion and standardization, systems engineering at the edge, evaluation methodology,
and governance-aware design.

The first contribution is a comprehensive, domain-specific synthesis that rein-
terprets the state of the art in action recognition through the lens of bus surveil-
lance. Rather than presenting models in isolation, the dissertation articulates how
architectural biases—including multi-rate temporal pathways, factorized spatio-
temporal convolutions, and attention over long-range dependencies—interact with
constraints such as occlusion patterns, subject scale variation with aisle distance,
camera mounting geometry, and bandwidth-induced compression [69, 24, 23, 5, 2].
This synthesis yields concrete design criteria for selecting and adapting video en-
coders that can be realized on embedded hardware without forfeiting the temporal
cues that disambiguate aggressive interactions.

The second contribution is methodological and concerns data. The work assem-
bles and standardizes a training and validation corpus that integrates surveillance-
origin violence datasets with bus-specific material. Public corpora are curated and
normalized in frame size, temporal sampling, and clip duration to reduce confounds
during training and comparison [13, 65]. In parallel, a laboratory dataset is pro-
duced in an instrumented environment that replicates the geometry and camera
placement of a bus interior; this dataset augments public resources by introducing
in-domain exemplars with controlled illumination regimes, passenger densities, and
occlusion patterns that are representative of operating conditions [7]. The stan-
dardization protocol and the in-domain augmentation are documented to enable
reproducibility and to provide a template for other agencies or researchers to con-
struct compliant, domain-aligned datasets under local policy constraints [71, 22, 21].

The third contribution is a systems architecture for onboard, multi-camera in-
ference that prioritizes end-to-end latency and stability. The architecture integrates
e"cient video encoders with a zero-copy media pipeline, hardware-accelerated de-
coding, and batched inference across streams to meet real-time constraints within
power and thermal envelopes typical of vehicle deployments [47, 36]. Particular em-
phasis is placed on the design of the decision layer. Rather than treating streams
independently, the system implements a cross-view fusion mechanism that accounts
for view-specific reliability, temporal asynchrony, and the spatial layout of the cabin
as derived from mounting positions. The fusion policy is calibrated to suppress
spurious detections at the periphery and to compensate for confidence decay at
increasing subject distance from each camera, addressing a failure mode repeatedly
observed in preliminary trials and field tests. The dissertation provides a rigor-
ous account of this fusion logic and analyzes its e!ect on alert stability relative to
single-view baselines [78].

The fourth contribution is an evaluation framework aligned with deployment.
Beyond conventional metrics such as precision, recall, F1-score, and frame-level
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AUC, the framework reports event-level measures that reflect operational concerns:
mean time to detection from incident onset; stability of decisions across overlapping
windows; cross-view consistency; and calibrated false alerts per hour per camera
under asymmetric error costs appropriate for driver workload. To make these mea-
sures comparable, the evaluation protocol fixes clip sampling, latency budget, and
alert hysteresis, and it explicitly accounts for post-training quantization when rele-
vant to embedded inference [76, 37]. The framework is applied first in a controlled
laboratory setting, then in a live bus deployment, enabling a transparent account-
ing of the drop in accuracy and confidence that accompanies the transition from
lab to field and the identification of environmental regimes in which the system
retains acceptable performance.

Field results are analyzed in terms of distance-dependent confidence decay,
occlusion-induced misclassifications, illumination-driven distribution shifts, and com-
pression artifacts. These analyses are linked to design choices in representation
learning, sampling, and fusion, and they motivate a set of targeted improvements
that include fine-tuning on in-domain data, self-supervised pretraining on unlabeled
onboard streams subject to governance constraints, and adaptive fusion that mod-
ulates per-view weights using quality estimators derived from exposure and motion
statistics [82]. Rather than treating these as generic suggestions, the dissertation
quantifies their expected impact within the latency and compute budgets of the
onboard platform. The system architecture and evaluation protocols are developed
with explicit reference to privacy-by-design principles: on-vehicle inference with
minimized data egress, ephemeral bu!ering around incidents, encryption in transit
and at rest for short alert snippets, strict access control, and auditable retention
policies, all aligned with regulatory guidance on video devices [71, 22, 21]. The
dissertation argues that such constraints are not merely externalities but shape
algorithmic design choices and data strategy, and it o!ers a set of reproducible
configurations and documentation templates to facilitate responsible adoption.

Collectively, these contributions move the field toward robust, real-time violence
detection in bus interiors by combining domain-aligned representation learning with
embedded systems engineering, principled multi-camera fusion, and deployment-
oriented evaluation. The result is a coherent approach that narrows the gap between
laboratory benchmarks and the operational realities of public transportation, while
satisfying the legal and social constraints that appropriately govern surveillance
technologies [54, 6, 47].

1.9 Thesis Outline
This dissertation is organized to move from problem framing and scientific back-
ground to methodology and system design, and finally to empirical validation in
both laboratory and in-service conditions. The narrative progression is deliberate:
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each chapter resolves specific uncertainties that emerge in bus interiors when vi-
olence detection is treated not as an o#ine recognition task but as a real-time,
multi-camera system problem conducted under operational and governance con-
straints. In doing so, the dissertation aims to bridge the gap between the general
literature on intelligent surveillance and action recognition and the practicalities of
deployment on public transport vehicles [54].

Chapter 2 presents the methodology and the overall system architecture. It
formalizes the end-to-end processing stack, beginning with the acquisition of six
synchronized IP-camera streams onboard the vehicle and proceeding through de-
coding, temporal sampling, inference, and decision logic, all hosted on an embedded
server engineered for sustained real-time operation. The chapter details the spa-
tial and temporal standardization applied to publicly available corpora relevant to
aggression and violence, clarifying how heterogeneous sources are harmonized in
resolution, frame rate, clip duration, and label semantics in order to produce com-
parable training and validation sets [13, 65]. It then motivates the construction
of a laboratory dataset that reproduces the geometry and occlusion patterns of a
bus cabin and explains how this in-domain resource complements public datasets
by providing controlled yet realistic exemplars of interpersonal aggression in the
target environment [7]. The chapter frames model selection in terms of archi-
tectural biases that the literature has shown to be e!ective for spatio–temporal
reasoning—factorized 3D convolutions, multi-rate temporal pathways, and e"cient
expanded designs—and discusses how these families can be adapted to bus interi-
ors without exceeding the constraints of onboard compute [69, 24, 23]. It describes
the training and validation protocol, including pretraining and fine-tuning choices
on generic action datasets where appropriate [40, 29], and it specifies the evalua-
tion criteria used throughout the dissertation, which couple conventional accuracy
measures with deployment-facing indicators such as time-to-first-alert and false
alerts per vehicle-hour. Because the feasibility of multi-stream inference depends
as much on systems engineering as on representation learning, the chapter also
documents the media pipeline, batching and bu!ering policies, and optimization
techniques—mixed precision, quantization-aware compilation, and zero-copy trans-
port—used to sustain low latency and thermal stability under realistic load [47, 36].
Finally, it justifies the choice of a late fusion strategy across cameras, reflecting the
partial overlap and asynchronous behavior typical of vehicle interiors, and positions
this design within the broader multi-camera surveillance literature [78].

Chapter 3 reports the experimental results. It begins with laboratory evalua-
tions that isolate model behavior under controlled conditions, comparing represen-
tative spatio–temporal architectures trained on the standardized dataset mixture
and on the laboratory bus corpus. The analysis characterizes precision, recall, and
calibration as functions of subject distance, crowd density, and occlusion severity,
thereby linking performance di!erences to the inductive biases discussed in Chap-
ter 2. The chapter then transitions to the field deployment on an operating bus,
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where the full system processes six streams in real time. Here the focus shifts to
end-to-end behavior: the latency budget from frame acquisition to alert issuance,
the stability of decisions across overlapping clips, the robustness of cross-view fusion
when streams are imperfectly synchronized, and the rate of false alerts per vehicle-
hour under thresholds appropriate for driver workload and dispatch triage. Results
are interpreted against the backdrop of the constraints identified in Chapter 1 and
the dataset biases highlighted in the literature, including the tendency of models
trained on generic corpora to lose confidence as subjects recede from the camera
or when illumination drops during evening service [67, 13]. The chapter includes
an error analysis that enumerates failure modes observed in practice—distance-
dependent confidence decay, occlusion-induced misclassifications, and compression
artefacts—and it quantifies the marginal gains achieved by multi-camera late fu-
sion relative to single-stream baselines, placing these findings in the context of prior
multi-view work [78]. Where relevant, the chapter also revisits the e!ectiveness of
pretraining on large action datasets and discusses the residual gap that might be re-
duced through self-supervised pretraining on privacy-compliant, in-domain footage
[66].

Chapter 4 concludes the dissertation by synthesizing scientific and technological
contributions, limitations, and future directions. It distills the lessons learned about
how architectural choices interact with the geometry and social dynamics of bus
interiors, and it articulates the boundary conditions under which the current gen-
eration of models remains e!ective. The chapter reflects on the implications of the
evaluation protocol and argues for deployment-oriented metrics as first-class out-
comes in violence detection research, complementing conventional accuracy scores
with measures that track notification burden and time-to-intervention. It then
outlines next steps that logically extend from the empirical findings: reliability-
weighted cross-view fusion and temporal voting strategies tailored to the partial
overlap and asynchronous behavior of onboard cameras; domain adaptation and
self-supervised pretraining to reduce distribution shift between public datasets and
bus interiors; and extensions to the governance-aware system design, with on-
vehicle inference, minimal data egress, and strengthened privacy controls aligned
with transport-agency policies [71, 47]. The chapter closes by discussing pathways
to scale, including operational integration and monitoring, and by describing how
the resources produced in this work—dataset protocols, preprocessing pipelines,
evaluation scripts, and system configurations—can be reused to accelerate further
research and responsible deployment in public transport.

The dissertation is accompanied by appendices that provide materials required
for reproducibility and audit. They include detailed descriptions of the laboratory
dataset design, annotation guidelines, and consent and safety procedures; hyper-
parameter tables and training logs for each model configuration; extended quanti-
tative results such as full confusion matrices and calibration plots; and engineering
documentation for the onboard deployment, including component specifications,
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thermal characterization, and software configurations. Where agency policy per-
mits, the appendices also record the exact preprocessing code and evaluation scripts
used to produce the figures and tables in Chapter 3. Together with the chapter
structure summarized above, these materials are intended to make the scientific
claims testable and the engineering results verifiable, closing the loop between aca-
demic method and fielded system in the domain of violence detection for buses
[54, 7].
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Marco Gallo, Mariano G. Paganelli, Paolo R. Massenio, and David Naso. Real-time
Violence Detection in Urban Bus Environments. IEEE Access, 14:55075-55089,
2026.
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2025 13th International Conference on Tra"c and logistic Engineering (ICTLE-25)
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Chapter 2

Methodology and System
Architecture

2.1 Overview of the Proposed Approach
In summary, the proposed approach integrates temporal sampling, spatio–temporal
representation learning via a deep learning model, multiview reliability-weighted fu-
sion, and a hysteresis-based alert policy within an embedded, privacy-aware system
designed for buses. By specifying the sampler, backbone and head, fusion, and pol-
icy in operational terms and by committing to deployment-oriented evaluation, the
method narrows the longstanding gap between benchmark performance and the
requirements of real-time violence detection in public transport [54, 47]. The pro-
posed system approaches violence detection in buses as a real-time, multi-camera
perception problem executed entirely on the onboard embedded platform. Infer-
ence, cross-view fusion, and the driver-facing alert are performed locally; connectiv-
ity is required only for optionally dispatching a compact, encrypted notification to
the control center. When the backhaul is unavailable, the system continues operat-
ing in local-only mode and seals a short pre/post-incident bu!er for opportunistic
upload upon reconnection, thereby meeting latency requirements while minimizing
data egress in line with governance constraints. Figure 2.1 provides a schematic
overview of the proposed real-time violence detection pipeline, highlighting the in-
teraction between temporal sampling, inference, multiview fusion, and alerting.

Methodologically, the approach integrates representation learning and systems
engineering: temporal sampling and the deep learning model design (a spatio–temporal
backbone as feature extractor with a task-specific classification head) are chosen to
preserve the high-frequency motion signatures that characterize aggressive interac-
tions while respecting thermal and power envelopes; decoding, bu!ering, batching,
and fusion are co-designed to control end-to-end delay [24, 76].

For each camera c ↑ {1, . . . , C}, we denote the RGB frame sequence with spatial
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Figure 2.1: Schematic representation of the real-time violence detection algorithm.

resolution H → W and nominal frame rate fv as

{I(c)
t }t↓0 ↑ RH→W →3. (2.1)

In this formulation, I(c)
t represents the frame acquired by camera c at discrete time

index t, where time is measured in frame ticks at cadence fv. The parameters H
and W correspond to the sensor-aligned image height and width in pixels, while the
final dimension accounts for the three RGB color channels. Under stable acquisition
conditions, the index t increases by one for each decoded frame, so that one second
of video corresponds approximately to fv increments of t.

A temporal sampler S(·) converts a bu!er of decoded frames into a fixed-length
clip of T frames at spatial resolution H ↔ → W ↔, spanning a temporal window of
length L. Formally, the sampled clip ending at time t is defined as

X(c)
t,L = S

(
{I(c)

t↑L+1, . . . , I(c)
t }

)
↑ RT →H→→W →→3. (2.2)

Here, the sampler S selects and resizes frames from the most recent L decoded
frames of camera c. The number of frames actually fed to the network is T , with T ↗
L when sparse temporal sampling is employed. The dimensions H ↔ and W ↔ denote
the network input resolution after spatial preprocessing (e.g., resizing, cropping, or
letterboxing). A uniform sampler corresponds to the special case L = T , whereas a
sparse sampler distributes the T frames across a larger temporal span L to capture
longer-term motion dynamics without a proportional increase in computational
cost [76].

Each clip X(c)
t,L is processed independently by a spatio–temporal backbone εε,

which acts as a deep feature extractor. The resulting representation is given by

z(c)
t = εε

(
X(c)

t,L

)
↑ Rd. (2.3)

The mapping εε, parameterized by learnable weights ϑ, encodes joint motion and
appearance information into a d-dimensional feature vector. Typical choices for εε

include architectures such as X3D, SlowFast-50, or R(2+1)D. The dimensionality
d depends on the specific architecture and its final pooling stage. Importantly, this
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backbone operates entirely on decoded video data and is decoupled from the video
codec pipeline, which is handled upstream by the hardware decoder.

A task-specific classification head ϖ(·) maps the extracted features to a per-clip
posterior probability for the target event (i.e., aggressive or violent interaction).
This operation is expressed as

p(c)
t = ϖ

(
z(c)

t

)
↑ [0,1]. (2.4)

In practice, ϖ is typically implemented as a linear layer followed by a sigmoid
activation in the binary detection setting. The resulting score p(c)

t is interpreted
as the model’s confidence that the clip acquired by camera c and ending at time t
contains an aggression event.

Due to frequent occlusions, viewpoint changes, and distance-dependent scale
variations in onboard bus environments, single-view predictions may be unreliable.
To improve robustness, evidence is aggregated both temporally and across multi-
ple camera views using a temporal–multiview fusion operator g(·). Let the set of
decision instants included in a temporal window of width Wt be defined as

Tt = { t ↘ k! | k = 0, . . . , K }, (2.5)

and let the set of available cameras be

C = { 1, . . . , C }. (2.6)

The fused confidence score at time t is then computed as

p̂t = g
(

{ p(c)
ω }c↗C, ω↗Tt ; { w(c)

ω }
)

↑ [0,1]. (2.7)

In this formulation, ! denotes the decision stride (in frames) between successive
fusion updates, while K determines the number of past decision instants included in
the aggregation window, such that the e!ective temporal width satisfies Wt ≃ K!.
The weights w(c)

ω ⇐ 0 modulate the contribution of each camera c at time ϱ based on
low-cost quality indicators, including exposure statistics, blur proxies derived from
inter-frame gradients, encoder-level information (e.g., quantization parameters or
packet loss), and estimates of subject scale within the field of view. For numerical
stability and interpretability, the weights may be normalized at each update so that

∑

c↗C

∑

ω↗Tt

w(c)
ω = 1. (2.8)

The operator g(·) is designed to be monotone and associative (for instance, a
reliability-weighted average optionally combined with a max-hold across the last
few updates) so that it admits streaming implementation and incremental updates
without waiting for strict cross-camera synchronization.
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Turning fused scores into operationally meaningful alerts requires an alerting
policy h that enforces temporal persistence and hysteresis. The policy maps the
score process into a binary alert state

At = h
(

{ p̂ω }ω↗Tt ; ϱon, ϱo! , Thold

)
↑ {0,1}. (2.9)

In this formulation, At = 1 indicates an active alert at time t. The parame-
ter ϱon ↑ (0,1) is the raise threshold for the fused score, while ϱo! ↑ (0,1) with
ϱo! < ϱon is the clear threshold; their asymmetry implements hysteresis and pre-
vents oscillation near decision boundaries. The parameter Thold ⇐ 0 is a minimum
dwell time (expressed in decision steps of size ! or, equivalently, in seconds) that
requires persistence of evidence before raising or clearing the alert. The policy may
include a cross-view consistency test that demands contemporaneous support from
at least two distinct cameras when fields of view overlap, thus leveraging geometry
to suppress spurious reflections and local motion bursts [78]. Driver notifications
are emitted locally with no backhaul dependency; only the optional control-center
dispatch depends on network availability and is designed as a store-and-forward
channel.

The timing properties of the pipeline are captured by a latency budget that
decomposes end-to-end delay from photon to alert as

ςtot = ςacq + ςnet + ςdec + ςbuf + ςinf + ςfuse + ςalert. (2.10)

In this decomposition, ςacq covers camera exposure and sensor readout; ςnet
is the transport delay over the onboard network from camera to server; ςdec is
hardware-accelerated decoding time for compressed video; ςbuf is the bu!ering de-
lay to assemble the T frames of the next clip under the chosen sampler; ςinf is
the deep model inference time per (micro-)batch of clips; ςfuse is the multiview
aggregation and policy evaluation time; ςalert is any remaining decision/dispatch
overhead (UI update, CAN or dashboard message, and optional packaging of a
short encrypted pre/post snippet). All terms are measured in milliseconds and
reported as medians with jitter bands in Chapter 3. The design aims to minimize
ςbuf + ςinf + ςfuse by combining sparse temporal sampling, micro-batch inference
across streams, and streaming fusion that does not await synchronized clip bound-
aries when unnecessary [76, 24]. In embedded environments, the latency budget
is shaped by thermal ceilings and sustained power, motivating mixed-precision in-
ference and integer quantization with post-quantization calibration to preserve the
mapping between scores and probabilities used by the hysteresis policy [37, 47].

Generalization across conditions is approached by a data strategy that combines
pretraining and in-domain tuning. The deep learning model is initialized from large
action corpora to endow early layers with generic motion–appearance sensitivities
[40, 10]. Fine-tuning proceeds on CCTV-origin datasets with surveillance artefacts
to reduce the domain gap, and, where policy allows, self-supervised pretraining on
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unlabeled onboard footage is used to align representations to the specific geometry
and illumination cycles of buses without expanding the footprint of personal data
beyond the vehicle [13, 66]. The in-domain component follows privacy-by-design
principles: unlabeled frames are processed on-vehicle; no identifiable video leaves
the bus during self-supervised stages; only model parameters and non-personal
metadata are collected for fleet-wide improvements, aligning with agency policies
and supervisory guidance [71].

Cross-view fusion reflects the cabin’s spatial structure. Camera placement yields
partially overlapping views along the aisle; mounting heights and focal lengths
create heterogeneous scale–resolution trade-o!s. The aggregator g incorporates
view-specific priors via weights that depend on estimated subject size and region-
of-interest occupancy, so that near-field cameras dominate decisions for events oc-
curring within their high-fidelity zone while far-field cameras contribute persistence
evidence. When calibration is available, the policy can enforce geometric consis-
tency by requiring that hypothesized motion regions project to physically plausible
loci in neighboring views; when it is not, late fusion with reliability weights remains
e!ective and is simpler to implement robustly in an embedded pipeline where per-
stream jitter is unavoidable [78]. In both cases, fusion is designed to be commutative
and streaming so that asynchronies do not compound delay.

The evaluation protocol is defined to mirror deployment objectives. In addition
to conventional metrics such as precision, recall, F1-score and framewise AUC on
curated test sets, streaming evaluations report mean time to first alert from incident
onset, alert persistence under sliding windows, cross-view agreement rates, and false
alerts per vehicle-hour at operational thresholds. Reporting includes calibration
curves before and after quantization and stratifies performance by subject distance
and illumination regime so that degradations at the tails of the distribution are
visible. Laboratory experiments use standardized data with consistent resolution
and frame rates to isolate representation e!ects, while field trials on an operating
bus expose the full pipeline to transport-induced noise sources, validating that the
latency budget and hysteresis controls remain within acceptable limits [47, 36, 7].

2.2 Hardware Architecture
The hardware architecture described in this chapter is the exact configuration en-
gineered for the field pilot and was finalized inside a full-scale laboratory simulator.
The simulator is a 1:1 replica of the target bus interior constructed from measure-
ment campaigns (rilievi) to reproduce aisle geometry, seat layout, ceiling height,
handrail and pole placement, and door clearances. A structural frame supports
ceiling panels and mounting rails at the same heights and o!sets as the vehicle,
enabling faithful reproduction of occlusions, perspective compression, and subject
scale along the longitudinal axis. Within this environment, we iterated camera
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Figure 2.2: Laboratory simulator (full-scale 1:1) reproducing the target bus interior
(aisle, seats, poles, doors).
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Figure 2.3: Simulator plant layout: three camera units (Unit1, Unit2, Unit3), work
areas with partial overlap (A: front, B: mid, C: rear), network/power topology, and server
mount position.

placement, optics, network topology, power distribution, and server mounting, and
we validated coverage, pixel densities on subject, overlapping views, latency head-
room, and thermal margins before transferring the configuration onto the bus.

Figure 2.2 shows the simulator; Figure 2.3 presents the plant layout with camera
units and work areas (A: front, B: mid, C: rear); Figure 2.4 depicts the six camera
footprints and their overlaps within the simulator. These artifacts directly informed
the installation on the pilot vehicle.
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Figure 2.4: Top-down footprints of the six cameras in the simulator with overlap corri-
dors across areas A (front), B (mid), and C (rear).

2.2.1 Embedded Server Configuration
The embedded server hosts the deep learning stack, including the spatio–temporal
backbone and classification head, hardware-accelerated video decoding, temporal
sampling, multiview fusion, and the alert policy. The unit operates from the vehicle
24 V rail through isolated DC–DC conversion stages and is enclosed in a ruggedi-
zed chassis mounted behind an access panel above the driver, where both airflow
and maintenance access are available. The design objective is to sustain six con-
current video streams while preserving the latency budget defined in Section 2.1,
and maintaining power consumption and operating temperature within vehicle con-
straints [47, 36].

The aggregate electrical power budget of the surveillance stack is modeled as

Ptot = Psrv +
C∑

c=1
P (c)

cam + PPoE + Pconv + Pmarg, (2.11)

where Ptot denotes the total power draw (in watts); Psrv is the average power
consumption of the embedded compute unit (CPU, accelerator/GPU, memory, and
storage); P (c)

cam is the power consumption of camera c (including PoE delivery when
sourced locally); PPoE represents the overhead associated with PoE injection and
switching; Pconv accounts for conversion losses in the 24 V DC–DC stages; and Pmarg
provides margin for transients, aging, and supply tolerances. The resulting sum is
maintained below the fused circuit rating under all operating modes.
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Thermal viability was assessed in simulation using the steady-state approxima-
tion

Tcase = Tamb + ”JA Psrv, (2.12)
where Tcase is the steady-state enclosure temperature of the compute module, Tamb
is the ambient temperature within the installation compartment, and ”JA denotes
the e!ective junction-to-ambient thermal resistance (in ↘C/W). The value of ”JA
was estimated empirically by logging Tcase under stepped computational loads, and
the resulting measurements were used to dimension heat sinks and airflow so as to
avoid thermal throttling at the highest expected ambient temperatures along the
route.

Memory provisioning balances decoded video surfaces, model parameters and
activations, temporal bu!ers, and operating system overhead:

Mtot ⇐ Mmodel + Mact + Mbuf + Mdec + MOS. (2.13)

Here, Mtot denotes the total available RAM; Mmodel the memory required for the
backbone and classification head parameters; Mact the peak activation footprint
during inference; Mbuf the memory allocated to clip and fusion ring bu!ers; Mdec the
decode surfaces allocated across concurrent video sessions; and MOS the operating
system and logging overhead.

A conservative bound for the activation memory scales with the input tensor
dimensions and the e!ective micro-batch size across streams:

Mact ≃ B · T · H ↔ · W ↔ · Cin · b, (2.14)

where B is the e!ective micro-batch size (number of clips processed concurrently),
T is the number of frames per clip, H ↔ → W ↔ is the network input resolution, Cin=3
for RGB input, and b is the number of bytes per element (e.g., b=2 for FP16 or
b=1 for INT8 quantized inference).

Throughput targets were validated in simulation by co-running six video streams
and measuring decoding and inference headroom. The decoder capacity constraint
is expressed as

C∑

c=1
R(c)

dec ↗ Rmax
dec , (2.15)

where R(c)
dec is the per-stream decode throughput (frames/s) and Rmax

dec is the aggre-
gate throughput of the hardware video decoder.

For inference, given a per-clip inference time ϱinf and a degree of parallelism #
(number of concurrent inference engines or streams), the admissible micro-batch
size for a decision stride ! satisfies

B ↗
⌊# · !

ϱinf

⌋
. (2.16)
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Mixed-precision inference and post-training quantization were tuned in the simula-
tor until both the decoding constraint in (2.15) and the inference constraint in (2.16)
held with margin, and the resulting configuration was subsequently deployed on the
vehicle platform [24, 37].

2.2.2 Multi-Camera Setup with Six IP Cameras
The camera system is organized into three units, each comprising two fixed cameras
with partially overlapping fields of view:

Unit1 = { c1, c2 }, Unit2 = { c3, c4 }, Unit3 = { c5, c6 }. (2.17)

Here, ci indexes the six cameras. Unit 1 primarily covers the front door and the
aisle adjacent to the driver; Unit 2 covers the mid-aisle; Unit 3 covers the rear door
and back aisle. Coverage areas are designed with deliberate overlaps across unit
boundaries to support cross-view confirmation and to mitigate occlusions.

Work areas are defined on the simulator floor plane F as three polygonal regions:

A ↔ F (front), B ↔ F (mid), C ↔ F (rear). (2.18)

These polygons were traced from the 1:1 vehicle plan and correspond to the zones
illustrated in Fig. 2.3. By construction,

A ⇒ B /= ⇑, B ⇒ C /= ⇑, A ⇒ C = ⇑, (2.19)

ensuring that adjacent areas share an overlap corridor while the front and rear
regions remain disjoint.

Each camera delivers a compressed IP video stream with the following nominal
parameters:

ϑh = 160↘, Wc = 1080, Hc = 720, f (c)
v = 30 fps. (2.20)

Here, ϑh denotes the horizontal field of view, Wc→Hc the encoded spatial resolution,
and f (c)

v the nominal frame rate. The very wide horizontal field of view maximizes
cabin coverage and overlap; lens dewarping and geometric rectification are applied
downstream in the software pipeline prior to model ingestion. For completeness,
the rectilinear vertical field of view implied by the aspect ratio φ = Hc/Wc is given
by

ϑv = 2 arctan
(

φ tan(ϑh/2)
)

, (2.21)

which was used to estimate vertical pixel densities in the pixel-per-meter (PPM)
analysis reported below.

53



Methodology and System Architecture

Top-down coverage footprints $c ↔ F for each camera c were computed from
measured mounting positions and optical parameters (Fig. 2.4). The per-point
coverage redundancy over the floor plane is defined as

N(x) =
C∑

c=1
1
[

x ↑ $c

]
, x ↑ F , (2.22)

where 1[·] denotes the indicator function. The design enforces the constraints

N(x) ⇐ 2 for all x ↑ (A ⇒ B) ⇓ (B ⇒ C), (2.23)

and
N(x) ⇐ 1 for all x ↑ A ⇓ B ⇓ C, (2.24)

so that overlap corridors guarantee cross-view confirmation for the alert policy,
while single-view coverage remains continuous throughout the passenger cabin.

For pixel-per-meter profiling on the floor plane, a camera with horizontal field
of view ϑh and horizontal resolution Wc subtends, at longitudinal distance D, a
width

WFOV(D) = 2D tan
(

ϑh

2

)
, (2.25)

yielding a horizontal pixel density

PPM(D) = Wc

WFOV(D) = Wc

2D tan(ϑh/2) . (2.26)

In these expressions, D denotes the floor-projected distance from the camera nadir,
while ϑh and Wc are fixed by the lens and encoder configuration. The function
PPM(D) was validated empirically in the simulator by translating an ArUco/checkerboard
target along the aisle and verifying that the torso width of an adult subject remains
above a minimum pixel threshold across critical interaction zones. Final lens selec-
tion and mounting geometry were thus chosen to preserve e!ective subject scale in
regions where aggressive interactions most frequently occur.

To guide bandwidth provisioning, the nominal per-stream bitrate was modeled
as

Bc = ↼ · Hc · Wc · f (c)
v · ↽(QP, G), (2.27)

where ↼ captures scene entropy (e.g., increased motion during interactions) and
↽(QP, G) models codec e"ciency as a function of the quantization parameter QP
and GOP structure G. The aggregate load ∑

c Bc was used to dimension the PoE
switch and server network interface, with additional margins for transient bitrate
peaks coincident with high-motion events.
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2.2.3 Synchronization and Real-Time Acquisition Require-
ments

Real-time multiview fusion presumes bounded temporal misalignment across video
streams. In the simulator, we validated a lightweight synchronization scheme in
which each camera timestamps frames at capture time, while the server estimates
an a"ne mapping from the camera clock to the server monotonic clock. For camera
c, the time alignment model is

tsrv = ⇀c t(c)
cam + ⇁c, (2.28)

where t(c)
cam denotes the camera-provided timestamp, tsrv is the server-side mono-

tonic clock, ⇀c represents the relative clock rate (skew), and ⇁c is the o!set. The
parameters (⇀c, ⇁c) are estimated via robust regression over periodically transmit-
ted synchronization beacons and are subsequently applied to align frames within
the temporal fusion window.

The residual alignment error over the most recent estimation interval T is
bounded as

ε(c)
sync = max

ω↗T

∣∣∣⇀c t(c)
cam(ϱ) + ⇁c ↘ tsrv(ϱ)

∣∣∣. (2.29)

Cross-view coincidences are accepted when aligned timestamps di!er by at most
±δ, where δ is chosen relative to the decision stride ! defined in Section 2.1. The
value of δ was swept in simulation to identify the smallest admissible tolerance that
avoided missed coincidences under realistic clock jitter and network variability.

Acquisition delay and its variability were characterized by decomposing the
one-way per-stream latency as

D(c)
acq = d(c)

cap + d(c)
enc + d(c)

net + d(c)
dec, (2.30)

where d(c)
cap accounts for sensor exposure and readout, d(c)

enc captures encoder and
GOP bu!ering delay, d(c)

net represents network transmission and queuing latency,
and d(c)

dec denotes hardware decoding time on the server. Timestamp probes at
camera egress and server ingress were instrumented to estimate each component.

To satisfy the end-to-end latency budget, both the expected acquisition delay
and a jitter proxy were required to remain within the acquisition allotment %acq:

E
[
D(c)

acq
]

+ ▷
(
D(c)

acq
)

↗ %acq. (2.31)

In addition, a bounded frame-drop condition was enforced for each stream,

φ(c)
drop ↗ φmax, (2.32)

where φ(c)
drop denotes the fraction of lost frames and φmax is the maximum tolerable

drop rate before temporal sampling and fusion stability degrade.
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Stress tests conducted in the simulator injected network congestion and encoder
complexity spikes to validate compliance with the constraints in (2.31) and (2.32)
prior to deploying identical configurations on the vehicle. When supported by the
hardware, time discipline mechanisms within the surveillance VLAN can further
reduce ε(c)

sync; however, the a"ne correction model in (2.28) was su"cient in our
trials. Importantly, the synchronization layer degrades gracefully: if alignment
quality deteriorates, the alert policy increases temporal persistence and relaxes
coincidence requirements, thereby maintaining stable driver alerts regardless of
transient backhaul conditions [78, 47].
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Chapter 3

Dataset Development

3.1 Data Structure of Datasets
The initial dataset was composed by integrating the following five sources:

1. RWF-2000 [13]: a dataset composed of 2,000 short video clips (5 s at 30
fps) evenly split between Fight and No Fight actions, captured by real-world
surveillance cameras;

2. UCF-Crime [65]: a dataset of 400 untrimmed real-world surveillance videos
(10-120 s, up to 3600 s, 20-60 fps), containing a variety of violent and non-
violent actions distributed into Abuse, Arrest, Assault, Fighting, and Normal
classes;

3. Smart-City CCTV Violence Detection Dataset (SCVD) [1]: a dataset built for
violence detection scenarios in smart-city public surveillance contexts made
of 481 videos (3-10 s, 20-30 fps) including Normal, Violence, and Weaponized
classes;

4. Bus Violence Dataset [7]: 1,400 clips (1 s, 30 fps) of violent and non-violent
scenes recorded on real buses using dome surveillance cameras;

3.1.1 RWF-2000
The RWF-2000 (Real-World Fighting) dataset [13] is a large-scale video collection
specifically designed for violence detection in realistic surveillance scenarios. It was
introduced to address several limitations of previous benchmarks, such as small
scale, low diversity, and the lack of truly real-world footage, which often relied on
acted scenes or movie clips. All videos in RWF-2000 are sourced from operational
CCTV systems and depict unconstrained, in-the-wild situations rather than staged
actions or studio-quality content.Representative examples from the RWF-2000 and
Bus Violence datasets are shown in Figures 3.1 and 3.6, respectively.
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Figure 3.1: [13] Gallery of the RWF-2000 database.

The dataset is constructed by crawling the YouTube platform using a set of
violence-related keywords (e.g., “real fights”, “violence under surveillance”, “vio-
lent events”) in multiple languages. From the retrieved URLs, the authors manu-
ally filter out irrelevant videos and retain only those recorded by fixed surveillance
cameras in public spaces. The selection is deliberately broad in terms of violent
phenomena: any subjectively identified violent activity can be included, encom-
passing physical fights, assaults, robberies, explosions, shootings, and scenes with
visible blood or other aggressive behaviors. Each retained raw video is then tem-
porally trimmed into a short clip of fixed duration (5 seconds at 30 fps), yielding
temporally “trimmed” snippets centered around the most informative portion of
the event. In its final form, RWF-2000 comprises 2,000 clips and approximately
300,000 frames. The dataset is strictly binary: each clip is annotated at video
level as either Violent or Non-Violent, with an exactly balanced class distribution
(1,000 clips per class). No spatial annotations (e.g., bounding boxes, masks) nor
frame-level temporal boundaries for individual actions are provided. This design
explicitly targets video-level violence recognition, where the model must infer the
presence or absence of violent behavior from the global spatio-temporal pattern
observed in the clip.

The visual characteristics of the dataset are intentionally heterogeneous. RWF-
2000 aggregates material from around 1,000 distinct source videos, covering a wide
variety of camera positions, zoom levels, and scene layouts.The strong heterogene-
ity in acquisition settings and recording hardware is reflected in the resolution
distribution reported in Figure 3.2. Resolutions are not standardized: the dis-
tribution of video sizes exhibits several clusters around common CCTV formats
(approximately 240p, 320p, 720p, and 1080p), reflecting the diversity of real-world
recording hardware. Many clips are a!ected by typical surveillance artefacts such
as low illumination, motion blur, compression noise, partial views where only parts
of the body are visible, small targets at long distance, crowded scenes, and transient
or short-lived actions. From a modeling perspective, these factors make RWF-2000
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Table 3.1: Summary of the RWF-2000 dataset.

Property Value
Total clips 2,000 video clips
Classes Violent / Non-violent (Fight / Non-Fight)
Clips per class 1,000 violent, 1,000 non-violent
Clip duration 5 s (fixed-length)
Frame rate 30 fps
Total frames ≃ 3.0 → 105 frames
Video type Trimmed CCTV surveillance clips from real-world

scenes
Source videos ⇔ 1,000 unique raw surveillance videos (YouTube)
Acquisition context Fixed surveillance cameras in public or semi-

public environments
Label granularity Video-level binary labels (Violent vs Non-violent)
Train–test protocol Predefined 80% / 20% split, avoiding source-video

leakage

noticeably more challenging than earlier, more controlled datasets.

Figure 3.2: [13] Resolution Distribution of the RWF-2000 Database.

To this end, the authors maintain a mapping between clip identifiers and their
parent video, and additionally compute color-histogram similarities between clips
to identify near-duplicates. The most similar subset of clips is manually inspected
to guarantee that highly redundant samples are not split across partitions. The
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resulting benchmark therefore provides a realistic yet well-controlled setting for
evaluating supervised violence detection methods.

In their reference work, the authors also report baseline results on RWF-2000
using several deep models, including C3D, I3D, ConvLSTM, and their proposed
Flow Gated Network. The latter combines RGB appearance and optical-flow mo-
tion streams within a 3D convolutional architecture and achieves an accuracy above
87% on the test set of RWF-2000. These baselines highlight both the di"culty of the
dataset and its suitability for benchmarking modern architectures for video-based
violence detection.

3.1.2 UCF-Crime
The UCF-Crime dataset [65] was introduced by Sultani et al. as part of the “Real-
World Anomaly Detection in Surveillance Videos” benchmark, with the explicit
goal of moving video anomaly detection away from small, staged datasets towards
large-scale, realistic CCTV footage. UCF-Crime aggregates long, untrimmed videos
captured by operational surveillance cameras in diverse environments, including
streets, parking lots, shops, and other public or semi-public spaces. Figure 3.3
shows representative scenes from the UCF-Crime dataset, illustrating the diversity
of environments and anomaly types captured by real-world surveillance cameras.
The anomalies of interest span a broad spectrum of safety-critical events, such as
interpersonal violence and property-related crimes, making the dataset particularly
relevant to security and public-transportation monitoring scenarios.

Ten trained annotators search platforms such as YouTube and LiveLeak using
anomaly-related keywords (e.g., “car crash”, “road accident”, “robbery”, “street
fight”), with systematic variations of the queries across multiple languages to in-
crease coverage. The collected material is then manually filtered according to strict
criteria: only footage recorded by fixed CCTV cameras is retained, while news
footage, compilations, heavily edited videos, hand-held recordings, pranks, and
clips where the anomalous event is visually unclear are discarded. This curation
process yields 950 unedited surveillance videos containing clear anomalies and 950
normal videos without anomalous events, for a total of 1,900 real-world surveillance
sequences.

UCF-Crime is designed as a large-scale, untrimmed dataset. The 1,900 videos
jointly span approximately 128 hours of footage, with highly variable durations
ranging from tens of seconds to several minutes [65]. Videos are captured at het-
erogeneous frame rates and resolutions typical of deployed CCTV systems; in the
reference implementation, all frames are resized to 240 → 320 pixels and tempo-
rally resampled to 30 fps for feature extraction . As highlighted by the duration
distribution in Figure 3.2, anomalous events typically occupy only a small frac-
tion of each untrimmed video. The anomalies are organized into 13 semantically
distinct categories: Abuse, Arrest, Arson, Assault, Accident, Burglary, Explosion,
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Fighting, Robbery, Shooting, Stealing, Shoplifting, and Vandalism. These categories
cover both person-to-person violence (e.g., Assault, Fighting, Abuse) and other high-
impact safety threats such as road accidents, fires, and property crimes.

From an annotation standpoint, the dataset supports both weakly supervised
anomaly detection and more fine-grained temporal evaluation. Each video is anno-
tated at video level as either anomalous (containing at least one instance of any of
the 13 anomaly classes) or normal (no anomaly present). For testing and quanti-
tative evaluation, anomalous videos are additionally annotated with the temporal
extent of the anomalous event: multiple annotators independently mark the start
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Figure 3.3: [13] Gallery of UCF-Crime dataset.

Table 3.2: Global characteristics of the UCF-Crime dataset.

Property Value
Total videos 1,900 untrimmed surveillance videos
Total duration ≃128–129 hours of footage
Video type Long, untrimmed real-world CCTV recordings
Environments Indoor and outdoor public / semi-public spaces
Frame rate (preprocessed) 320-60fps
Resolution (preprocessed) 240 → 320 pixels
Anomaly categories 13 realistic anomaly types
List of anomaly categories Abuse, Arrest, Arson, Assault, Burglary, Ex-

plosion, Fighting, Robbery, Shooting, Stealing,
Shoplifting, Vandalism, Road Accident

Normal videos Videos without any annotated anomaly
Label granularity (train-
ing)

Video-level labels: Normal vs Anomalous

Label granularity (testing) Frame-level temporal annotations for anomalous
intervals

Typical tasks Weakly supervised anomaly detection; anomaly
localization; multi-class anomaly recognition

and end frames of the anomaly, and their annotations are averaged to obtain a
consolidated ground truth. This provides frame-level labels for the anomalous in-
tervals while preserving the original, untrimmed structure of the videos. The
final benchmark split consists of 1,610 videos for training (800 normal and 810
anomalous) and 290 videos for testing (150 normal and 140 anomalous), with all
13 anomaly classes represented in both partitions. Training is typically framed as
weakly supervised binary anomaly detection (normal vs. anomalous video), while
testing evaluates frame-level anomaly localization via the anomaly scores produced
along the temporal axis of each video. However, when reusing UCF-Crime in the
context of this thesis, its richness must be carefully tailored to the specific goal
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Figure 3.4: [65] Distribution of videos according to length (minutes).

of detecting aggressive interactions inside buses. First, the anomaly taxonomy is
broader than interpersonal aggression: several classes, such as Shooting, Vandalism,
Arson, Explosion, and Road Accident, seldom depict close-range physical fights in
crowded interiors comparable to a bus cabin, and are therefore of limited use for
training a violence detector targeted at public-transport vehicles. For this reason,
a dedicated analysis was conducted to identify which anomaly classes and which
video segments are actually informative for the recognition of assaults and fights,
and to discard those that mainly involve property damage, outdoor incidents, or
events driven by external hazards rather than human-to-human aggression.

Second, as highlighted by the duration distribution in Fig.3.4, UCF-Crime
videos exhibit extremely heterogeneous lengths: while some clips last only a few
tens of seconds, many sequences span several minutes. In most anomalous videos,
the event corresponding to the annotated class occupies only a very small fraction
of the temporal extent of the recording (often a few seconds), whereas the rest of
the video contains normal activity or static scenes. This strong temporal sparsity is
desirable for anomaly-detection research, but it is less aligned with the short, fixed-
length clips (a few seconds) that are typical of real-time violence detection on-board
buses. In this work, UCF-Crime is therefore not used as-is: instead, we exploit it
as a source of realistic surveillance footage and manually or algorithmically focus
on those temporal portions and anomaly types that best match the target scenario
of aggressive behavior in a constrained, bus-like environment.

3.1.3 SmartCity CCTV Violence Detection Dataset
The Smart-City CCTV Violence Detection (SCVD) dataset [1] was introduced to
explicitly address the problem of detecting both non-weaponized and weaponized
violence in realistic smart-city surveillance scenarios. In contrast to earlier bench-
marks that either focus only on generic fights or only on weapon appearance, SCVD
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is constructed entirely from CCTV-like footage and is designed to model the pres-
ence or absence of weapons at the scene level. The overarching goal is to sup-
port deep models that can not only recognise violent behaviour, but also estimate
the potential severity of an event by distinguishing between non-weaponized and
weaponized aggression in urban environments.Representative examples from the
Smart-City CCTV Violence Detection dataset are shown in Figure 3.5. A concise
overview of the dataset and its per-class composition is summarised in Table 3.3.

From a data collection perspective, SCVD is built by crawling publicly available
videos from YouTube using violence- and weapon-related keywords.

Figure 3.5: gallery of SCVD dataset

To reduce geographical and contextual bias, the search queries are augmented
with di!erent regional prompts so that the resulting corpus spans multiple coun-
tries and urban settings. Only footage that matches typical CCTV distributions
is retained: static camera viewpoints, wide fields of view, and fixed installations in
indoor or outdoor public and semi-public spaces. The version used in this thesis is
the Kaggle release of SCVD [1], which contains 399 short clips, all preprocessed to
a spatial resolution of 1280 → 720 pixels (720p) at 30 fps. Each clip is a trimmed
segment, typically between 5 and 10 seconds in duration, extracted from a longer
surveillance recording so as to concentrate on the most informative portion of the
scene.

SCVD adopts a three-class, video-level annotation scheme with mutually ex-
clusive labels: Normal (N), Violence (V), and Weaponized-Violence (WV). Normal
clips depict everyday activities or benign human interactions without observable
aggression. The Violence class contains non-weaponized physical altercations (e.g.,
pushing, punching, kicking, group fights) where the threat to safety is primarily
due to direct human-to-human contact. Weaponized-Violence clips represent the
most critical scenarios in the dataset: they comprise violent events in which one
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or more objects are used as weapons, including both conventional weapons (e.g.,
guns, knives) and improvised or less conventional objects capable of causing harm.
Rather than assigning fine-grained labels to individual weapon types, the dataset
operates at the scene level by grouping all such situations under the WV class,
encouraging deep models to learn generic visual cues associated with the presence
of weapons.

SCVD Dataset Property Value
Global video properties
Total number of clips 399 CCTV video clips
Frame size 1280 → 720 pixels (720p)
Frame rate 30 fps (fixed for all clips)
Typical clip duration Trimmed segments of approximately 5–

10 s
Video format RGB .avi surveillance videos
Camera type Fixed-position CCTV surveillance cam-

eras
Acquisition context Indoor and outdoor smart-city public /

semi-public areas
Label granularity Video-level labels; no frame- or box-level

annotations
Per-class composition
Normal (N) 200 clips (50.1% of the dataset)
Violence, non-weaponized (V) 99 clips (24.8% of the dataset)
Weaponized-Violence (WV) 100 clips (25.1% of the dataset)
Total 399 clips (100%)

Table 3.3: Technical characteristics and composition of the Smart-City CCTV Violence
Detection (SCVD) dataset, using the Kaggle release based on the original SCVD proposal
. All clips are real CCTV recordings from smart-city scenarios, stored as RGB .avi
videos at 720p (1280 → 720) and 30 fps, with trimmed durations of about 5–10 s.

In the Kaggle release [1], the 399 clips are distributed as follows: 200 Normal,
99 Violence, and 100 Weaponized-Violence samples (see Table 3.3). This yields
a reasonably balanced dataset from the standpoint of binary violence detection
(Normal vs. V+WV) while also providing a nearly balanced split between non-
weaponized (V) and weaponized (WV) aggression. All clips share the same spatial
and temporal preprocessing (720p at 30 fps) and are annotated only at video level;
no bounding boxes or frame-level temporal boundaries are provided. This design
is consistent with the original methodological proposal, which converts short video
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segments into salient super images for e"cient DCNN-based classification rather
than relying on heavy 3D architectures.

In the context of this thesis, SCVD complements the other datasets by pro-
viding CCTV-based scenes in which both unarmed and armed aggression occur
under surveillance-like viewing conditions. Its characteristics—real CCTV view-
points, short trimmed clips, and an explicit separation between Normal, Violence,
and Weaponized-Violence—make it particularly suitable for stress-testing models
on high-risk situations and for analysing how the presence of weapons alters the vi-
sual and motion patterns associated with violent behaviour. In our experiments, we
rely on the video-level labels and use SCVD primarily as an additional source of re-
alistic, weapon-aware surveillance footage for training and cross-dataset evaluation
of violence detection models.

3.1.4 Bus Violence Dataset
The Bus Violence dataset [7] was specifically introduced to fill the lack of public
benchmarks for video violence detection in public transport environments. While
most existing datasets focus on general urban surveillance scenarios with fixed out-
door cameras, Bus Violence is entirely recorded inside a moving city bus, where
actors simulate both violent and non-violent behaviours under realistic operating
conditions. The benchmark is designed to stress deep learning models with chal-
lenges that are typical of public transport, such as dynamic backgrounds due to
vehicle motion, strong illumination changes, and frequent occlusions in a confined
interior space.

From a data collection perspective, the dataset was acquired during a three-
hour recording session in daytime conditions, while the bus continuously travelled
and stopped within closed zones. During this session, approximately one hour was
dedicated to simulated violent actions and two hours to non-violent situations. Ten
actors participated in the recordings, repeatedly boarding and alighting the vehicle
and changing their clothes over time to increase the diversity of appearances and
interaction patterns.Figure 3.6 presents representative clips from the Bus Violence
dataset, recorded inside a moving city bus under realistic operating conditions.
The violent scenarios include fights between passengers, kicking or tearing pieces of
onboard equipment, and robbery-like actions such as pulling or stealing an object
from another person. Non-violent sequences depict passengers sitting, standing,
walking along the aisle, or entering and exiting the bus in a normal fashion. Thanks
to the controlled but realistic setup, the raw footage covers a range of illumination
conditions (e.g., driving in direct sunlight, parking in heavily shaded areas) and
background changes associated with vehicle motion.

The recording system was manually installed inside the bus and consisted of
three interior surveillance cameras capturing the scene at 25 fps in H.264-encoded
.mp4 format. Two cameras were mounted in the front and rear corners of the cabin,
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providing oblique views of the passenger compartment, while a fisheye camera was
placed near the centre of the ceiling to obtain a wide-angle top-down view. In
the public release, the video clips are provided at resolutions of 960 → 540 pixels
for the two corner cameras and 1280 → 960 pixels for the fisheye camera, yielding
three distinct viewpoints and e!ective resolution groups in the final dataset. This
multi-view configuration allows models to be evaluated on substantially di!erent
perspectives and projection geometries within the same physical environment.

Figure 3.6: gallery of Bus Violence dataset

After acquisition, the continuous recordings were manually segmented and cu-
rated. The raw videos were split into short clips ranging from 16 to 48 frames,
corresponding to temporal windows of approximately 0.64–1.92 s at 25 fps. Each
clip is intended to capture a single, well-defined situation (either violent or non-
violent), avoiding segments in which di!erent behaviours overlap. The curation
pipeline followed a two-stage manual annotation protocol. In the first stage, three
annotators independently labelled each candidate clip as violent or non-violent. In
the second stage, two additional experts reviewed the preliminary labels, discarded
ambiguous or wrongly segmented samples, and consolidated the final annotations.
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No automatic labelling tools were used; the authors explicitly opted for fully manual
supervision to increase reliability and avoid error propagation.

Since the initial segmentation produced more non-violent than violent clips,
the authors applied random undersampling to the non-violence class to obtain a
perfectly balanced dataset. The final curated version of Bus Violence consists of
1,400 short video clips, evenly split between the two classes: 700 Violence and 700
Non-violence samples. For each class, the clips are approximately balanced across
the three camera viewpoints: for the three views, the authors report 212, 222, and
266 clips for the Violence class, and 240, 210, and 250 clips for the Non-violence
class, respectively. All clips are distributed in two separate folders (Violence and
NonViolence), each containing 700 H.264 .mp4 files, and o"cial train/test split files
are provided with the public release. A summary of the technical characteristics
and class composition of the dataset is reported in Table 3.4.

Property Value
Global video properties
Total clips 1,400 short clips recorded inside a moving bus
Classes 2 (Violence, Non-violence)
Label type Video-level binary labels
Acquisition platform Standard city bus during real motion
Cameras 3 (two corner views, one central fisheye)
Frame rate 25 fps
Clip length 16–48 frames (0.64–1.92 s)
Resolutions 960×540 (corner), 1280×960 (fisheye)
Video format RGB .mp4 (H.264)
Recording duration ≃ 3 h (1 h violent, 2 h non-violent)
Illumination/background Dynamic lighting + motion-induced background

changes
Actors 10 participants, varying clothes
Annotation protocol 3 annotators + 2 expert reviewers
Per-class composition
Violence class 700 clips (50%)
Non-violence class 700 clips (50%)
Per-view clips (Violence) 212, 222, 266 clips
Per-view clips (Non-violence) 240, 210, 250 clips
Folder structure Two folders: Violence, NonViolence
O!cial splits Train/test lists provided
Intended use Benchmark for cross-dataset generalization

Table 3.4: Technical characteristics and composition of the Bus Violence dataset [7].

These datasets di!er significantly in terms of resolution, frame rate, clip length,
and acquisition context. For instance RWF-2000 and SCVD consist of short,
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fixed-length clips, while UCF-Crime features longer and more variable-duration
sequences. Frame rates vary from 20 to 60 fps, and resolutions range from 352×288
px to 1280×960 px.

3.1.5 Laboratory Dataset
The proprietary laboratory dataset consists of 2,000 clips of 3 s each (90 frames at
30 fps) recorded in the full-scale bus simulator described in the previous section,
labelled into two classes: Fight and No Fight. The simulator reproduces the interior
and exterior dimensions of a 12 m city bus, including driver’s cabin, internal height,
door configuration, and seating layout, based on on-site measurements performed
on several vehicles from the fleet of a local public transport operator. Camera posi-
tions in the simulator were chosen to match the on-board architecture later deployed
on real buses during the field trials, so that the laboratory dataset and the field
experiments share the same sensing geometry. Violent behaviours (such as punches,
slaps, pushes, grabbing, pulling, and kicks) were staged by adult volunteers, tak-
ing inspiration from typical assaults on public transport as documented in publicly
available videos. After the recording sessions, the resulting clips were jointly anal-
ysed with collaborators from the local public transport operator, who confirmed
that the simulated scenes are realistic and representative of violent events that
should be reported according to their operational practice and local regulations. A
multi-view collage illustrating the six camera perspectives of the laboratory dataset
is shown in Figure 3.7. No real passengers or in-service vehicles were involved, and
all recordings were carried out in compliance with institutional guidelines and ap-
plicable data protection rules, with informed participation of the volunteers. Six
IP cameras are installed inside the simulator, organised in three logical units: a
front unit covering the area around the driver and the front door, a central unit
monitoring the middle section of the cabin, and a rear unit focusing on the back
door and rear seating area. Each unit comprises two ceiling-mounted cameras with
wide-angle optics (approximately 160↘ horizontal field of view) and partially over-
lapping fields of view. All cameras operate at a resolution of 1080 → 720 px and
30 fps. This multi-view configuration ensures that passengers in the aisle or near
the doors are typically observed from at least two viewpoints, which reduces the
impact of occlusions due to body pose, crowding, or relative positioning. A collage
of representative frames from the six views is shown in Figure 2.4, illustrating the
coverage of the front, central, and rear regions of the bus interior.

To obtain a dataset that is both class-balanced and representative of typical
operating conditions, the recording campaign was structured according to a simple
factorial design combining behavioural class, crowding, and illumination. For each
of the six camera views, scenes were recorded with at least four people visible in the
field of view (high occupancy) and with fewer than four people (low occupancy).
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Figure 3.7: Laboratory Dataset gallery.

For both occupancy levels, sequences were acquired during simulated daytime con-
ditions, with natural or di!use daylight dominating the scene, and during simulated
nighttime conditions, with the interior lighting of the bus providing the main illu-
mination. In each of the four resulting scenarios (low day, low night, high day, high
night), both Fight and No Fight behaviours were enacted and recorded. Figure 3.8
shows examples of low- and high-occupancy scenes for both classes.

The continuous recordings from all cameras were segmented into fixed-length
clips of 3 s. Each candidate clip was manually labelled as Fight or No Fight based
on the presence or absence of clearly observable physical aggression. Clips con-
taining transitions between behaviours, ambiguous interactions, or severe visibility
problems were discarded. The final corpus is strictly balanced at class level, with
1,000 Fight and 1,000 No Fight clips, and approximately balanced across views,
crowding levels, and illumination conditions. At scenario level, we enforced an
equal distribution of Fight and No Fight samples: for each combination of occu-
pancy and illumination (low day, low night, high day, high night), 250 clips were
retained, of which 125 are Fight and 125 are No Fight. Within each scenario, clips
are approximately evenly distributed across the six viewpoints (about 20–22 clips
per view and class), so that no single camera or operating condition dominates the
dataset. The resulting stratification is summarised in Table 3.6.

To ensure compatibility across sources and facilitate transfer learning from mod-
els pre-trained on Kinetics-400, a normalization pipeline was applied to all video
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Table 3.6: Stratification of the proprietary laboratory dataset by behavioural class, crowd-
ing, and illumination. Each scenario is balanced between Fight and No Fight clips; values
are aggregated over the six camera views.

Scenario Fight No Fight Total
Low occupancy, day 125 125 250
Low occupancy, night 125 125 250
High occupancy, day 125 125 250
High occupancy, night 125 125 250
Total 1,000 1,000 2,000

Figure 3.8: Representative examples of low-occupancy scenes (top row, fewer than four
individuals) and high-occupancy scenes (bottom row, at least four individuals) for both
Fight and No Fight classes in the laboratory dataset. All scenes were recorded in a
controlled experimental environment using human-sized mannequins to systematically re-
produce varying passenger density conditions.

samples. Given that violent actions typically unfold over a few seconds, tempo-
ral normalization was used to standardize video duration to maximum 3 seconds.
Additionally, frame resizing and pixel normalization ensured alignment with the
original training conditions of the pre-trained model. The preprocessing pipeline
included the following steps:

• Format conversion: All videos were converted to .mp4 format for standard-
ization;

• Temporal normalization: Each video was trimmed to have a duration between
1 and 3 seconds, i.e., between 30 and 90 frames at 30 fps;

• Frame resizing: Frames were resized to 256×256 pixels to match the input
size expected by models pre-trained on Kinetics-400;
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• Pixel normalization: Frame pixel values were normalized using a mean of
[0.45, 0.45, 0.45] and a standard deviation of [0.225, 0.225, 0.225], consistent
with Kinetics-400 pre-training settings;

• Uniform temporal sampling: A uniform temporal subsampling was applied
to extract exactly 30 frames from each video, ensuring consistency in the
temporal resolution across the dataset.

• Frame rate standardization: All clips were resampled at 30 fps, i.e., 30 frames
per second of video were retained, normalizing temporal resolution across
datasets with di!erent native frame rates.

Table 3.7 summarizes the number of clips obtained from each dataset after
normalization. The final dataset is composed of short clips, each manually labeled
as either Fight or No Fight. Note that during the trimming or resampling of longer
violence-related videos, we also extracted segments that did not directly contain
violent actions. For example, consider the Abuse class from the UCF-Crime dataset,
which includes 50 videos ranging from 10 to 120 seconds in duration, with frame
rates between 20 and 60 fps. After temporal normalization, these were split into
851 shorter clips (1 to 3 seconds each). However, only 189 of them were labeled
as Fight, while the remaining 662 as No Fight, as they did not show clear violent
behavior. The labeling of clips during post-processing was performed manually,
resulting in a total of 26980 clips labeled as No Fight and 5042 as Fight.

Data augmentation techniques were additionally employed to expand the dataset
and enhance model generalization [48]. The following transformations were applied:

• Brightness adjustment: ±20% random variation to simulate lighting changes;

• Horizontal flipping: to provide spatial variation and avoid overfitting to spe-
cific orientations of motion;

• Light jittering: ±10% random adjustments in hue, saturation, and contrast
to mimic changes in color and lighting conditions;

• Gaussian noise: addition of zero mean gaussian noise owith standard devia-
tion of 0.01 to simulate sensor noise and compression artifacts.

These augmentations were systematically applied to all videos labeled as Fight,
to enrich the representation of this underrepresented class. To avoid introducing
excessive bias, the same transformations were selectively applied to 20% of the
NoFight videos, randomly sampled at a ratio of 1 out of every 5, thus maintaining
a balanced approach to augmentation across the dataset

After data augmentation, the Fight class increased from 5,042 to 6,042 clips by
adding one augmented view to a subset of samples. For the No Fight class, aug-
mentations were applied selectively (target ratio ≃ 20%) and, after quality filtering
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Dataset Classes
Clip

Dur. (s) #Clips
Normalized
Clips (1-3s)

Used
No Fight

Used
Fight

Bus Violence
(30fps)

Violence 1 700 700 180 417
NoViolence 1 700 700 700 0

UCF-Crime
(20-60fps)

Abuse 10–120 50 851 662 189
Arrest 10–120 50 937 760 177
Assault 10–120 50 687 358 329
Fighting 10–120 50 1569 942 627
Normal 10–3600 200 19372 19372 0

RWF-2000
(30fps)

Fight 5 1000 1973 0 1973
NoFight 5 1000 1992 1992 0

SCVD
(20-30fps)

Normal 3–10 246 1014 1014 0
Violence 3–10 111 322 0 322
Weaponized 3–10 124 8 0 8

Proprietary
(30fps)

Fight 3 1000 1000 0 1000
NoFight 3 1000 1000 1000 0

Total 26980 5042

Table 3.7: Summary of the video clips obtained from each source after temporal normal-
ization to short segments (1–3 s). For each original dataset and class, the table reports
the native frame rate, the original number of videos, the number of normalized clips, and
the subset finally used as No Fight or Fight in the unified dataset..

Characteristic Description
Video Format .mp4 standardized
Clip Duration 3 seconds per clip (90 frames at 30 fps)
Frame Resolution 256 × 256 pixels (resized)
Input Pixel Normalization Mean 0.45 and Std 0.225
#Clips Fight No Fight
Training 4230 4230
Validation 1510 1510
Test 302 302

Table 3.8: Final dataset characteristics.

and deduplication, the class totaled 30,720 clips. To address the severe class imbal-
ance, the No Fight clips were downsampled to match the 6,042 Fight clips, yielding
a balanced dataset of 12,084 clips. The dataset was split into training, validation,
and test sets using a 70-25-5 ratio. Table 2 summarizes the characteristics of the
final dataset.
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Chapter 4

Model Training and Inference

4.1 Deep Learning Models
Violence detection in on-board CCTV streams is formulated as a clip-level action
recognition problem, in which a deep model maps a short spatio–temporal video
segment to a discrete semantic label. As introduced in Section 2, each video clip is
obtained through temporal sampling of decoded frames (cf. (2.2)) and is represented
as a tensor

X ↑ RT →H→→W →→C , (4.1)

where T denotes the number of frames per clip, H ↔ → W ↔ the network input
resolution, and C = 3 the number of RGB channels.

Given an input clip X, the deep video classifier is implemented as a composition
of a spatio–temporal backbone and a task-specific prediction head, as formalized
in (2.3) and (2.4). Specifically, the backbone εε(·) encodes the clip into a latent
representation z ↑ Rd, which is subsequently mapped to class logits

z = fε(X) ↑ RK , (4.2)

where K is the number of target classes and fε(·) denotes the overall network com-
posed of feature extraction and classification stages. In the multi-class setting,
the predicted label corresponds to arg maxk zk, while in the binary violence detec-
tion task considered here, the logits are reduced to a scalar confidence score via a
sigmoid activation, as described in (2.4).

The selection of backbone architectures is driven by two key requirements: (i)
the ability to capture fast, localized motion patterns characteristic of aggressive
and violent interactions, and (ii) compliance with the computational, power, and
latency constraints imposed by embedded, on-board inference (Section 3).

To span a representative range of accuracy–e"ciency trade-o!s, three families
of video models were adopted in this work:
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• SlowFast R50, a dual-pathway architecture designed to jointly model slow
semantic context and fast motion dynamics, well suited to short, high-intensity
actions;

• X3D-L, an e"ciency-oriented family that progressively expands network ca-
pacity along multiple axes while maintaining favorable accuracy-per-FLOP
characteristics;

• R(2+1)D, a factorized 3D convolutional baseline that decomposes spatio–
temporal filtering into separate spatial and temporal operations, providing a
strong and well-understood reference model.

All selected architectures are widely validated in the action recognition liter-
ature and integrate naturally within the spatio–temporal processing and fusion
framework described in Sections 2 and 3. Their complementary design philosophies
allow systematic evaluation of performance trade-o!s under realistic on-board de-
ployment constraints.

4.2 SlowFast R50
SlowFast is a two-pathway architecture designed to decouple the learning of spatial
semantics from the modeling of high-frequency motion [24]. The Slow pathway
processes temporally sparse frames and focuses on appearance-driven cues (e.g.,
body pose, scene context), while the Fast pathway operates at a higher frame rate
to preserve rapid dynamics (e.g., punches, pushes, sudden body displacements).
Let ϱ denote the temporal stride of the Slow pathway sampling and ⇀ > 1 the
frame-rate ratio between Fast and Slow. The two inputs can be expressed as:

Xslow = X
[

t = 1, 1+ϱ, 1+2ϱ, . . .
]
, Xfast = X

[
t = 1, 1+ ω

ϑ , 1+2 ω
ϑ , . . .

]
. (4.3)

To limit overhead, the Fast branch is intentionally lightweight through a reduced
channel capacity controlled by a factor ⇁ ↑ (0,1), so that the Fast pathway uses
approximately ⇁ times the channels of the Slow pathway [24].

Architecturally, both pathways follow a residual design derived from ResNet
backbones [32], and the information exchange is implemented via lateral connec-
tions that inject motion-sensitive features from the Fast stream into the Slow stream
at multiple stages [24]. In the context of bus violence detection, this inductive bias
is particularly relevant: aggressive actions are often characterized by short bursts
of motion that can be attenuated by sparse temporal sampling, hence motivating
the explicit high-rate ... Fast pathway. The SlowFast dual-pathway architecture
adopted in this work is illustrated in Figure 4.1. .
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Figure 4.1: A SlowFast network has a low frame rate, low temporal resolution Slow
pathway and a high frame rate, higher temporal resolution Fast pathway. The Fast pathway
is lightweight by using a fraction ( e.g., 1/8) of channels. Lateral connections fuse them

4.2.1 Architectural rationale and design choices.
SlowFast models address action recognition as a multi-temporal perception prob-
lem, explicitly separating the representation of (i) semantic content (objects, actors,
scene context) from (ii) fast motion cues (short-term dynamics and micro-motions).
The architecture comprises two pathways operating at di!erent temporal resolu-
tions: a Slow pathway sampling sparsely in time (low frame-rate, higher channel
capacity) and a Fast pathway sampling densely (high frame-rate, lower channel
capacity) [24]. In a canonical configuration, the speed ratio is set to ⇀ = 8 and
the channel ratio to ⇁ = 1

8 , meaning that the Fast stream processes ⇀ times more
frames while using ⇁ times the channels of the Slow stream [24]. This design yields
a favorable accuracy/complexity trade-o!: the Fast pathway is intentionally thin,
hence its additional cost is contained while still capturing high-frequency motion
patterns that are critical for distinguishing actions with similar appearance but
di!erent dynamics.

4.2.2 Fusion mechanism and temporal alignment.
A key component is the lateral fusion that injects motion-rich Fast features into
the semantically stronger Slow stream. Because the two pathways have mismatched
temporal dimensions, SlowFast introduces dedicated lateral connections that per-
form temporal alignment before fusion. In particular, one option is time-strided
convolution: a 5 → 1 → 1 3D convolution with stride ⇀ (temporal) is applied to
Fast features to match the Slow temporal grid; the resulting tensor can be fused
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by summation or concatenation [24]. This mechanism is especially relevant for
crowded in-vehicle scenes, where subtle limb accelerations, pushing gestures, or
rapid head/torso movements may be decisive cues for early aggression recognition.

4.2.3 Backbone and variants (R50 and beyond).
The “R50” instantiation adopts a ResNet-50 backbone with residual blocks that
stabilize optimization and enable depth scaling [32]. SlowFast itself forms a family
of models parameterized by clip length and sampling stride (often denoted by T →ϱ)
and by backbone depth (e.g., R50 vs. R101), with optional context modules such
as Non-Local blocks to capture long-range dependencies across space-time [24, 79].
These variants are widely used in standard action classification benchmarks and
extend naturally to spatio-temporal action detection, where localized actor-centric
reasoning is required (e.g., AVA-style setups) [24, 29]. In practical deployments, this
modularity enables selecting the best operating point under fixed compute/latency
budgets while preserving the two-rate inductive bias that remembering “what” and
“how fast” are often complementary for action understanding.

Aggression episodes in buses typically involve short-duration, high-acceleration
interactions (e.g., sudden grabs, punches, pushes) embedded in a visually cluttered
environment with occlusions and varying viewpoints. SlowFast is well aligned with
this regime because (i) the Fast pathway preserves dense temporal sampling for
motion saliency, while (ii) the Slow pathway retains robust semantic context useful
to disambiguate visually similar motions (e.g., gesturing vs. striking) [24]. More-
over, since the Fast stream is thin by design, SlowFast o!ers a principled way to
improve motion sensitivity without a proportional increase in parameters, which is
desirable for real-time embedded inference.

4.3 X3D-L
X3D is a family of e"cient video recognition networks obtained through a progres-
sive, axis-wise expansion procedure [23]. Starting from a compact seed architecture,
X3D expands capacity along multiple axes—including temporal duration, temporal
sampling, spatial resolution, network width, and depth—to achieve an improved
accuracy-to-compute trade-o!. The X3D-L variant represents a higher-capacity
point on this Pareto frontier, providing strong recognition accuracy while remain-
ing substantially more e"cient than many earlier 3D CNN designs at comparable
performance [23].

From a systems perspective, X3D is well suited to embedded deployment be-
cause its design explicitly targets e"ciency while preserving the spatiotemporal res-
olution needed to discriminate subtle action cues. In this thesis, X3D-L is adopted
as an alternative to SlowFast to evaluate whether a single-stream, e"ciency-optimized
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Figure 4.2: X3D networks progressively expand a 2D network across the following axes:
temporal duration ωt, frame rate ωω , spatial resolution ωs, width ωw, bottleneck width ωb,
and depth ωd.

backbone can match or exceed the accuracy of dual-pathway designs under the same
clip normalization and training protocol. Figure 4.2 illustrates the progressive axis-
wise expansion strategy underlying the X3D family of architectures.

4.3.1 From mobile image models to e!cient video networks.
X3D is conceived as a systematic approach to derive e!cient spatiotemporal net-
works by progressively expanding a tiny 2D image architecture along multiple axes
(temporal duration, frame rate, spatial resolution, width, bottleneck width, and
depth) [23]. The starting point is inspired by “mobile-regime” architectures em-
ploying channel-wise (depthwise) separable convolutions as a core building block,
which is known to provide strong accuracy under tight compute constraints [23, 34].
Instead of inflating a heavy 2D backbone into 3D, X3D explicitly explores which ex-
pansion axis provides the best accuracy gain per added complexity, using a stepwise
expansion strategy [23].

4.3.2 Compound scaling and the X3D family.
The outcome is a family of models (X3D-XS, X3D-S, X3D-M, X3D-L, X3D-XL)
spanning di!erent complexity regimes [23]. Importantly, the family supports compute-
aware selection: for instance, X3D-L reaches competitive top-1 accuracy while re-
maining lightweight in parameters (reported in the original study at single-digit
millions of parameters) and with substantially fewer operations than heavier base-
lines [23]. This spectrum is particularly relevant for on-board deployments where
throughput, thermal envelopes, and power budgets constrain the feasible model
class.
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4.3.3 Architectural traits relevant to in-vehicle perception.
From a systems perspective, X3D is attractive because it preserves high spatiotem-
poral resolution while keeping the network thin in terms of width, a property ex-
plicitly highlighted as a surprising but beneficial finding in the original work [23].
In bus interiors, where the scene contains multiple interacting passengers and fre-
quent partial occlusions, maintaining adequate resolution is essential to preserve
fine motion cues and small actor regions, while a thin model limits latency and
resource usage. Additionally, X3D models are commonly trained and evaluated on
large-scale video datasets (e.g., Kinetics) and on detection benchmarks (e.g., AVA),
evidencing their versatility across recognition tasks [23, 29, 9].

Aggression recognition must balance sensitivity to short-term motion with de-
ployability. X3D-L provides a compelling compromise: it is designed explicitly
for e"ciency via progressive expansion, yet remains competitive with stronger but
heavier architectures [23]. This makes X3D-L an excellent candidate when the over-
all pipeline includes additional compute burdens (multi-camera ingestion, bu!ering,
encryption, logging) and the inference engine must still meet strict real-time con-
straints.

4.4 R(2+1)D
R(2+1)D is a spatiotemporal convolutional architecture that factorizes a 3D con-
volution into a 2D spatial convolution followed by a 1D temporal convolution, in-
serting a non-linearity between the two operations [69]. Let K ↑ Rkt→kh→kw denote
a 3D kernel. R(2+1)D replaces the direct 3D operator with the composition:

Conv3D(X; K) ≃ Conv(t)
1D

(
▷

(
Conv(h,w)

2D (X; Ks)
)
; Kt

)
, (4.4)

where Ks ↑ R1→kh→kw is the spatial kernel, Kt ↑ Rkt→1→1 is the temporal kernel,
and ▷(·) denotes a point-wise non-linearity (e.g., ReLU). This factorization has two
practical implications: (i) it explicitly separates spatial and temporal modeling, and
(ii) it increases representational capacity by adding an extra non-linearity, which
can ease optimization and improve recognition accuracy compared to monolithic
3D convolutions [69].

4.4.1 Factorized spatiotemporal convolution as an induc-
tive bias

R(2+1)D originates from an empirical study on spatiotemporal convolutions and
is built upon residual learning backbones [69, 32]. The central idea is to replace
a full 3D convolution with a factorized block: a 2D spatial convolution followed
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by a 1D temporal convolution. Concretely, a 3D kernel of size Ni↑1 → t → d → d is
decomposed into (i) Mi spatial filters of size Ni↑1 → 1 → d → d and (ii) Ni temporal
filters of size Mi → t → 1 → 1 [69]. The intermediate dimensionality Mi is selected to
approximately match the parameter count of the original 3D layer, e.g., via a closed-
form choice reported in the reference work [69]. This decomposition introduces an
additional non-linearity between spatial and temporal processing stages, increasing
representational capacity while preserving computational comparability.

4.4.2 Optimization benefits and practical stability
Beyond e"ciency, factorization is motivated by optimization: the authors report
that R(2+1)D yields lower training error than comparable 3D ResNets, suggesting
that separating spatial and temporal modeling can make deep video models easier to
train, particularly as depth increases [69]. For applied scenarios with domain shift
(e.g., CCTV-like bus cameras, occlusions, viewpoint changes), such optimization
stability is valuable because it reduces the sensitivity of training to hyperparameters
and can improve robustness when fine-tuning from large-scale pretraining.

4.4.3 Variants and typical usage in action recognition
R(2+1)D is commonly instantiated with di!erent depths (e.g., 18/34 layers) and
evaluated in RGB-only and two-stream configurations; in the original benchmark
results, R(2+1)D demonstrated strong performance across large-scale datasets and
competitive transfer to smaller benchmarks [69, 9]. In embedded settings, RGB-
only variants are often preferred because optical flow can be one order of magnitude
more expensive to compute than frame-based inference, thereby undermining real-
time constraints [69]. As a consequence, R(2+1)D provides a pragmatic baseline
that balances accuracy and computational feasibility.

From a violence-detection standpoint, the factorized design is particularly well
suited to model local motion primitives (rapid arm swings, body collisions) while
retaining spatial context. The combination of residual learning, explicit temporal
modeling, and favorable optimization properties makes R(2+1)D a robust candi-
date for training on datasets where aggressive actions are rare and visually hetero-
geneous, and where generalization under occlusion and limited resolution is criti-
cal [69, 32].

4.5 Training and Validation Strategy
Training violence detectors for on-board CCTV streams is intrinsically a transfer
learning problem: the target domain (wide-angle, ceiling-mounted bus cameras;
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Figure 4.3: Schematic adaptation of a pre-trained action recognition backbone to the
binary violence detection task. The original multi-class classification head is replaced with
a task-specific binary classifier (Fight vs. No-Fight), while the spatiotemporal backbone is
fine-tuned according to the progressive unfreezing strategy described in Section 4.5.

frequent occlusions; strong illumination changes; limited camera viewpoints) dif-
fers substantially from canonical benchmarks, while the amount of truly domain-
representative labeled data is typically limited. For this reason, the adopted strat-
egy couples (i) a principled data split protocol, (ii) fine-tuning from large-scale
spatiotemporal pretraining, and (iii) a controlled optimization schedule designed to
avoid catastrophic forgetting and to stabilize convergence.

A key requirement in this thesis is comparability across backbones. There-
fore, the same clip normalization (duration and spatial resolution), the same pixel
normalization parameters, and an analogous fine-tuning schedule are applied to
SlowFast R50, X3D-L, and R(2+1)D. The final classification layer is replaced with
a binary head (Fight vs. No-Fight), consistently with the schematic adaptation
shown in Figure 4.3.

4.5.1 Train/Validation/Test Splits
The dataset preparation stage yields a collection of trimmed clips standardized in
format and duration. In the final configuration used for comparative training, each
sample corresponds to a 3-second temporal window (approximately 90 frames at 30
fps) resized to 256 → 256 and normalized with per-channel mean 0.45 and standard
deviation 0.225 to ensure compatibility with the pretraining regime and consistent
numerical conditioning across models.

After augmentation, filtering, and class balancing (Section 3.1.5), the resulting
dataset is made balanced by construction, with an equal number of Fight and No-
Fight clips. Let D denote the balanced dataset of N clips,

D = {(Xi, yi)}N
i=1 (4.5)

where yi ↑ {0,1} and yi = 1 indicates Fight. The split is performed according
to a 70–25–5 ratio:

D = Dtrain ⇓ Dval ⇓ Dtest, |Dtrain| : |Dval| : |Dtest| = 70 : 25 : 5, (4.6)
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Setting Train Validation Test
Full dataset (Public + Proprietary) 70% (stratified) 25% (stratified) 5% (stratified)
Public-only (ablation setting) fixed cardinality fixed cardinality fixed cardinality

Table 4.1: Summary of the training/evaluation split protocol adopted in this work.

while preserving class balance within each subset via stratification. The validation
set is used for model selection and for monitoring generalization during fine-tuning;
the test set is used exclusively for final reporting.

In addition to the full dataset setting (public + proprietary), the thesis also
considers a public-only training configuration to quantify domain shift and isolate
the contribution of domain-specific data. In this second setting, a balanced subset is
extracted from public sources, expanded through augmentation to a fixed-size col-
lection, and split into train/validation/test with fixed cardinalities. This controlled
protocol supports ablation studies and enables a direct comparison of generalization
when transferring to proprietary bus-like scenarios (reported later in Section 5.1).

4.5.2 Optimization Settings and Hyperparameters
All backbones are initialized from weights pre-trained on Kinetics-400, a large-scale
action recognition dataset that provides strong generic spatiotemporal representa-
tions for transfer. Because the original architectures are trained for multi-class
recognition, the final classifier is replaced with a task-specific binary head (Fight
vs. No-Fight), as exemplified in Figure 4.3. In this thesis, this step is performed
consistently across SlowFast R50, X3D-L, and R(2+1)D to ensure that observed
di!erences are attributable to the backbone design rather than to heterogeneous
adaptation choices.

Let zi = fε(Xi) ↑ R2 be the logits for clip i and pε(yi = k | Xi) = softmax(zi)k.
The training objective is the standard cross-entropy over the binary label:

L(ϑ) = ↘ 1
|Dtrain|

∑

(Xi,yi)↗Dtrain

log pε(yi | Xi). (4.7)

While class balancing reduces the need for cost-sensitive losses, the safety-critical
nature of the application motivates monitoring class-wise errors explicitly (Sec-
tion 4.5.3).

Directly fine-tuning all backbone layers can lead to unstable optimization and
overfitting, especially under domain shift and limited target data. To mitigate this,
we adopt a progressive unfreezing schedule: an initial warm-up phase trains only
the newly added classification head, keeping the backbone frozen; afterward, only
the upper backbone blocks are unfrozen and optimized jointly with the head, while
low-level blocks remain frozen to preserve general visual primitives. This yields a
controlled adaptation of high-level spatiotemporal features to the bus environment.
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Algorithm 1 Progressive unfreezing strategy (generic form used for all backbones).
1: Inputs: number of epochs E, warm-up Ew, model blocks {0, . . . , B} where B is the head

block
2: Freeze backbone blocks 0, . . . , B ↘ 1; unfreeze head block B
3: backbone_unfrozen ↖ false
4: for e ↖ 1 to E do
5: if e = Ew then
6: if backbone_unfrozen = false then
7: Unfreeze upper backbone blocks (e.g., 3,4,5)
8: Rebuild optimizer with current trainable parameters
9: backbone_unfrozen ↖ true

10: end if
11: end if
12: Train one epoch
13: if overfitting detected then
14: if backbone_unfrozen = true then
15: Refreeze upper backbone blocks
16: Rebuild optimizer with current trainable parameters
17: backbone_unfrozen ↖ false
18: end if
19: end if
20: end for

Optimization is performed with Adam, using an initial learning rate ↼0 and
a step-based scheduler. Denoting with s the step size and with ω ↑ (0,1) the
multiplicative decay factor, the learning rate at epoch e is:

↼(e) = ↼0 ω↙ e
s∝. (4.8)

The same schedule is applied across models to ensure a fair comparison, while
the warm-up/unfreezing transition (Algorithm 1) modulates the set of trainable
parameters over time.
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Item Value / Policy
Clip duration / frames 3 s, ≃ 90 frames at 30 fps
Spatial resolution 256 → 256 (resized)
Pixel normalization mean 0.45, std 0.225
Initialization Kinetics-400 pretraining
Head adaptation binary classifier (Fight vs. No-Fight)
Warm-up head-only training for Ew epochs
Fine-tuning unfreeze upper backbone blocks (e.g., 3–5)
Optimizer Adam
LR schedule Step decay (Eq. 4.8)
Model selection validation-driven (F1/Recall monitored per class)

Table 4.2: Core hyperparameters shared across model trainings.

4.5.3 Evaluation Metrics

Because violence detection is safety-critical, evaluation must explicitly quantify
both missed detections (false negatives) and false alarms (false positives). Let the
Fight class be the positive class. From the confusion matrix we define: true positives
(TP), false positives (FP), true negatives (TN), and false negatives (FN). Standard
clip-level metrics are then:

Precision = TP
TP + FP ,

Recall = TP
TP + FN ,

F1 = 2 · Precision · Recall
Precision + Recall ,

Accuracy = TP + TN
TP + TN + FP + FN .

(4.9)

In this thesis, metrics are reported (i) per class to highlight asymmetric failure
modes (e.g., high accuracy driven by the No-Fight class), and (ii) as aggregated
indicators (macro-averaged F1 when appropriate) to support backbone comparison.
In operational terms, Recall on the Fight class is a primary indicator of system
sensitivity (minimizing missed aggressions), while Precision controls the rate of
spurious alarms that would undermine trust and usability.Representative confusion
matrices for the evaluated backbones are shown in Figure 5.5.
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4.6 Software Architecture
The violence-detection prototype is conceived as an edge video analytics system
deployed entirely on-board the vehicle. In the following, we assume the hardware
configuration introduced in Section 2 (Hardware Architecture) as the execution
platform, and focus exclusively on the organization and interaction of the software
components operating on top of it. All stages of the processing pipeline—capture,
bu!ering, inference, and alerting—are executed locally in order to meet strict real-
time constraints and to avoid continuous video backhaul, in line with current trends
in edge-based intelligent surveillance systems [56, 36, 47]. On this hardware plat-
form, the embedded GPU server interfaces directly with the in-vehicle IP cameras
and with the communication and notification subsystems, enabling a closed-loop
pipeline from perception to action. From a software standpoint, the overall pro-
cessing pipeline can be decomposed into three main subsystems: (i) multi-stream
video ingestion, (ii) clip construction and pre-processing through a circular bu!er-
ing strategy, and (iii) real-time inference with decision logic and alert dispatch.
This modular decomposition is summarized schematically in Fig. 4.4, while the
temporal bu!ering and update mechanism is detailed separately in Fig. 2.1.

The proposed architecture explicitly separates per-camera clip-level inference
from system-level decision making. In particular, deep neural networks operate
independently on each camera stream to extract clip-level violence scores, whereas
alert generation is handled by a dedicated system-level module that aggregates
asynchronous predictions over time and enforces persistence and thresholding con-
straints before triggering any action. This separation ensures robustness to tran-
sient misclassifications at the single-camera level and allows the alert policy to be
tuned independently of the underlying inference models.
Figure 4.4 shows the logical architecture of the proposed real-time system deployed
on board a public-transport vehicle. The upper layer implements a per-camera
streaming pipeline, independently instantiated for each camera i = 1, . . . , N , which
converts continuous RTSP video streams into clip-level violence scores through
bu!ering, clip extraction, pre-processing, and deep neural network inference. The
lower layer operates at system level and aggregates asynchronous clip-level scores
using a stateful decision logic driven by a global scheduler, enforcing thresholding
and temporal persistence constraints before triggering alerts or logging evidences.
Importantly, clip-level scores do not directly generate alarms, but are mediated by
the system-level decision module.

4.6.1 Video Acquisition Pipeline
The acquisition layer is responsible for ingesting synchronized (or at least time-
stamped) frames from multiple IP cameras and delivering them to the bu!ering
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Figure 4.4: Software architecture of the proposed real-time multi-camera violence detec-
tion pipeline.
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subsystem with bounded jitter. In the proposed setup, the cameras provide con-
tinuous streams that are captured at a nominal rate of 30 fps . The acquisition
software is implemented according to a multi-producer paradigm: each camera is
handled by a dedicated worker (thread/process) that performs (1) stream connec-
tion and decoding, (2) frame timestamping, and (3) enqueueing into the camera-
specific bu!er. This design isolates network/decoder stalls to the a!ected stream
and prevents head-of-line blocking across cameras, which is critical when multiple
views must be processed concurrently.

Let i ↑ {1, . . . , N} index the cameras (N = 6 in the full configuration). The
acquisition worker for camera i outputs a frame sequence {F(i)

t }t↗N with associated
timestamps {s(i)

t }. Although the inference stage is performed per-stream (Sec-
tion 4.6.3), timestamping remains important for: (i) monitoring stream health
(frame drops, stalls), (ii) optionally enforcing a target sampling rate via decima-
tion/resampling when sources exhibit variable frame rate, and (iii) supporting tem-
poral consistency checks across cameras with partially overlapping fields of view.

These requirements naturally extend to robustness at the acquisition layer, par-
ticularly in the presence of network variability and decoding jitter typical of mobile
RTSP/IP deployments. Given the use of RTSP/IP streams in a mobile environ-
ment, the acquisition layer is designed to tolerate transient network instabilities and
variable decoding delays. In the implemented prototype, each camera worker oper-
ates independently and maintains bounded internal queues to prevent unbounded
memory growth. Frame dropping policies favor recency over completeness, ensur-
ing that the downstream bu!ering stage always reflects the most recent observable
scene dynamics. This design choice is aligned with the real-time objective of the
system, where timely detection is prioritized over exhaustive frame retention.

4.6.2 Pre-Processing and Frame Bu"ering

The bu!ering subsystem translates a continuous stream into a sequence of short
clips suitable for clip-level action recognition. Following the real-time strategy
adopted in our system, each camera stream is associated with a fixed-size circular
bu"er of length Tbuf frames. Since the cameras operate at 30 fps, we set Tbuf = 90
frames, corresponding to a temporal context of 3 s. This temporal horizon is a
deliberate compromise: it is long enough to include the onset and evolution of
aggressive interactions (e.g., escalation from gesturing to physical contact), yet
short enough to satisfy end-to-end latency constraints under embedded inference.

To balance temporal continuity with computational e"ciency, the bu!er is up-
dated at a cadence of 1 s: every update cycle, 30 new frames are appended and
the oldest 30 frames are discarded, so that 60 frames (2 s) are retained from the
previous window . Denoting by ! = 30 the update step (in frames), the overlap
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ratio is:
φ = Tbuf ↘ !

Tbuf
= 90 ↘ 30

90 = 2
3 . (4.10)

This overlap introduces temporal continuity between successive clips and reduces
fragmentation of short actions across window boundaries, improving stability of
predictions in streaming conditions. Operationally, the clip extracted at update n
from camera i can be expressed as:

X(i)
n =

[
F(i)

tn↑Tbuf+1, . . . , F(i)
tn

]
↑ RTbuf→H→W →C , (4.11)

where tn is the index of the most recent frame at update n and (H, W, C) are the
frame height, width and channels.

Consistent pre-processing is then applied to each extracted clip to ensure align-
ment with the training protocol and stable inference behavior. Before inference,
each bu!ered clip undergoes a lightweight pre-processing stage (Figure 2.1), in-
cluding: spatial resizing/cropping to the normalized training resolution, tensor
layout conversion, and intensity normalization consistent with the training pro-
tocol. The resulting tensor is then forwarded to the model-specific input adapter:
(i) SlowFast receives two temporally resampled pathways derived from the same
clip (Section 4.1.1), while (ii) X3D-L and R(2+1)D process a single clip tensor
(Sections 4.1.2–4.1.3). A key systems requirement is that pre-processing remains
strictly bounded in time; thus, all operations are chosen to be linear in the number
of pixels/frames and amenable to vectorized implementations.

From a systems perspective, this clip extraction and pre-processing pipeline
must also preserve data integrity under concurrent acquisition and inference. To
prevent contention between acquisition (writes) and inference (reads), the imple-
mentation should snapshot the circular bu!er into a contiguous clip tensor at each
update (double-bu!ering), or otherwise use lock-free index management with mem-
ory barriers. This guarantees that inference always operates on a consistent tempo-
ral window, avoiding mixed-frame clips that could degrade classification reliability.

4.6.3 Inference Engine and Real-Time Decision Logic
The inference engine executes clip-level action recognition on the bu!ered clips and
translates model outputs into operational decisions (alerts, logging, evidence reten-
tion), as summarized in the software architecture shown in Fig. 4.4. In the current
prototype, inference is performed independently for each camera stream at the
same cadence as the bu!er update (1 Hz), i.e., one 3 s clip per second per camera.
This yields an online sliding-window classifier whose temporal resolution is 1 s and
whose receptive field is 3 s. The overall real-time processing pipeline implemented
in the prototype is detailed in Algorithm 2, which formalizes the interaction be-
tween acquisition workers, circular bu!ering, clip construction, inference, and alert
dispatch across multiple concurrent camera streams.

89



Model Training and Inference

Algorithm 2 Real-Time Multi-Camera Inference with Sliding Bu!er and Alerting
Require: Number of cameras N ; bu"er length Tbuf = 90 frames; update stride ! = 30 frames

(≃ 1 s at 30 fps); threshold ε ↑ (0,1); persistence parameters (M, L); trained model fω

1: Initialize RTSP connections for all cameras; start N acquisition workers
2: for i = 1 to N do
3: Initialize circular bu"er B(i) ↖ ⇑ with capacity Tbuf
4: Initialize decision history H(i) ↖ ⇑ with capacity L
5: end for
6: Load model fω on the embedded GPU; initialize logging/storage and GSM/HMI modules
7: while system is ON do
8: /* Scheduler tick every ! frames (1 Hz) */
9: for i = 1 to N do

10: Acquire latest ! frames {F(i)} from worker i (timestamped)
11: Update bu"er: B(i) ↖ PushDrop(B(i), {F(i)}, Tbuf)
12: if |B(i)| < Tbuf then
13: continue ϑ warm-up until bu"er is full
14: end if
15: Construct clip X(i) ↖ Snapshot(B(i))
16: Pre-process X̃(i) ↖ Preprocess(X(i)) ϑ resize/normalize + pathway adapter
17: Compute probabilities p(i) ↖ Softmax(fω(X̃(i)))
18: s(i) ↖ p(i)(Fight) ϑ Fight confidence score
19: Append [s(i) ⇐ ε] to history H(i)

20: Log (i, s(i), arg max p(i), t)
21: if

∑
H(i) ⇐ M then

22: Save evidence clip (optionally include pre/post context)
23: Trigger local HMI alert
24: Send GSM alert with metadata and clip reference/path
25: Reset or decay H(i) to avoid repeated alerts
26: end if
27: end for
28: end while

To assess whether the online inference pipeline described in Algorithm 2 satisfies
real-time constraints under embedded deployment, we explicitly analyze the per-
cycle latency budget of the system. . Let tacq, tbuf, tprep, and tinf denote the time
spent in acquisition, bu!ering/snapshotting, pre-processing, and model inference,
respectively, for a given camera at one update cycle. Real-time operation requires:

tbuf + tprep + tinf ↗ Tcycle = 1 s, (4.12)

since acquisition runs continuously in parallel. Empirically, the measured end-to-
end processing time per camera stream (including acquisition, bu!ering, prepro-
cessing, and model prediction) lies in the range 620–950 ms in the bus simulator,
confirming feasibility under the chosen cadence. This result is central: it demon-
strates that modern action-recognition backbones can be integrated into an embed-
ded, multi-stream pipeline without violating safety-critical response times.

Beyond feasibility, the structure of the model outputs is critical for downstream
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decision-making and alert handling within the modular architecture depicted in
Fig. 4.4. Given the clip X(i)

n for camera i at update n, the model outputs logits
z(i)

n ↑ RK (with K = 2 for Fight/No-Fight). Probabilities are obtained via softmax:

p(i)
n (k) =

exp(z(i)
n,k)

∑K
j=1 exp(z(i)

n,j)
. (4.13)

The instantaneous predicted label is ŷ(i)
n = arg maxk p(i)

n (k), while p(i)
n (Fight) pro-

vides a confidence score that can be exploited for thresholding and alert prioritiza-
tion.

These probabilistic predictions are then consumed by a lightweight decision
layer, whose logic is instantiated in Algorithm 2 and implemented in the alerting
module of the software architecture shown in Fig. 4.4.

A minimal decision rule triggers an alarm whenever ŷ(i)
n = Fight for at least

one stream. In practice, it is often beneficial to introduce a tunable confidence
threshold δ ↑ (0,1) and a short persistence criterion (e.g., M positives over the last
L updates) to control false alarms in visually ambiguous situations:

ALERTn = 1 ′∞ ∈i : p(i)
n (Fight) ⇐ δ ∋ Persist(i, n) ⇐ M. (4.14)

While the specific parameters (δ, M, L) are deployment-dependent, the proposed
software architecture explicitly supports this form of post-processing by maintaining
a structured output bu"er indexed by camera.

Upon detection, the system actions defined in Algorithm 2 are executed, in-
cluding evidence retention, GSM alert dispatch, and on-board HMI updates, con-
sistently with the modular flow outlined in Fig. 4.4. . This design enables imme-
diate notification even under limited connectivity, while keeping the heavy video
payload local by default—an approach aligned with edge-surveillance architectures
that prioritize low-latency response and reduced network load [56, 36, 47]. Finally,
the on-board HMI (driver-facing display) can be updated to provide an immediate
local cue, allowing human intervention when appropriate.
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Chapter 5

Experimental Results

5.1 Training Results and Model Selection
Before reporting real-world trials, we provide an in-depth analysis of the o#ine per-
formance obtained after training the three candidate video backbones—SlowFast
R50, X3D-L, and R(2+1)D—on the normalized violence-detection datasets de-
scribed in the previous chapters. This section is intentionally positioned before
the field validation because the on-board deployment necessarily requires a princi-
pled model choice grounded on controlled, reproducible evidence: (i) o#ine testing
o!ers a standardized benchmark to compare architectures under the same pre-
processing, clip duration, and training protocol; (ii) it exposes the characteristic
error modes of each backbone (e.g., systematic false alarms on fast non-violent ges-
tures, or missed detections under occlusion and far-field views), which is essential
in a safety-critical scenario where di!erent failure types have di!erent operational
consequences; and (iii) it connects recognition accuracy to system-level constraints,
since the selected model must remain compatible with the embedded inference
budget under multi-camera load. The task is formulated as binary clip-level ac-
tion recognition (Fight vs. No-Fight), in line with early person-to-person violence
recognition studies and with modern large-scale action recognition practice. [24, 23]
Importantly, because violence detection is typically characterized by class imbal-
ance and by hard negatives that are visually and temporally similar to the target
class, we do not rely on accuracy alone; instead, we emphasize class-conditional
metrics (precision/recall/F1 on the Fight class), macro-averaged indicators, and
threshold-sweeping measures (PR-AUC and ROC-AUC), which are commonly rec-
ommended when the positive class is underrepresented and the false-alarm trade-o!
is operationally relevant.

This section analyzes the impact of two fundamental training choices on vi-
olence recognition performance: (i) the initialization strategy, i.e., training from
scratch versus fine-tuning from large-scale action recognition pretraining, and (ii)
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Trained and tested on public datasets
Model Class Precision Recall F1-Score

SlowFast50 Fight 0.85 0.72 0.78
NoFight 0.90 0.77 0.83

R(2+1)D Fight 0.78 0.70 0.74
NoFight 0.84 0.82 0.83

X3D Fight 0.89 0.84 0.86
NoFight 0.93 0.91 0.92

Trained on public datasets, tested on laboratory dataset

SlowFast50 Fight 0.38 0.54 0.45
NoFight 0.86 0.78 0.82

R(2+1)D Fight 0.41 0.43 0.42
NoFight 0.83 0.82 0.83

X3D Fight 0.57 0.61 0.59
NoFight 0.91 0.89 0.90

Table 5.1: Comparison between public-only evaluation and laboratory-domain evalua-
tion, highlighting the impact of domain shift on Fight-class performance.

the dataset composition, i.e., training on public datasets alone versus incorporat-
ing domain-specific laboratory data as described in Chapter 3. These factors are
examined through controlled o#ine experiments, whose outcomes directly inform
model selection for on-board deployment. In this context, we first investigate the
e!ect of pretraining compared to training from scratch. Table 5.2 reports a sys-
tematic ablation study in which all candidate backbones are trained on the same
full dataset, either initialized from Kinetics-400 pretrained weights or trained from
random initialization.

Across all architectures, pretraining yields a consistent improvement in per-
formance, with particularly strong gains on the Fight class. In absolute terms,
the Fight-class F1-score improves by approximately 6–8 percentage points when
pretraining is employed, corresponding to a relative improvement on the order of
7–10% depending on the backbone. Similar trends are observed for Fight recall,
indicating that pretraining primarily enhances sensitivity to aggressive interactions
rather than merely improving confidence calibration on the dominant No-Fight
class.

From a representation-learning perspective, this behavior is expected. Violent
interactions are characterized by complex spatio-temporal patterns involving body
motion, proximity, and contact dynamics, which are di"cult to learn from scratch
in datasets of limited size. Pretraining on Kinetics-400 provides a rich initialization
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Pretrained on Kinetics-400
Model Class Precision Recall F1-Score

SlowFast50 Fight 0.90 0.87 0.88
NoFight 0.93 0.91 0.92

R(2+1)D Fight 0.89 0.86 0.87
NoFight 0.92 0.93 0.93

X3D Fight 0.91 0.90 0.90
NoFight 0.94 0.92 0.93

Trained from scratch

SlowFast50 Fight 0.84 0.80 0.82
NoFight 0.87 0.85 0.86

R(2+1)D Fight 0.83 0.79 0.81
NoFight 0.86 0.87 0.87

X3D Fight 0.85 0.84 0.84
NoFight 0.88 0.87 0.87

Table 5.2: Impact of Kinetics-400 pretraining on validation performance. Pretraining
consistently improves Fight-class detection across all backbones.

of motion- and interaction-aware features, which can then be specialized to the bus
surveillance domain during fine-tuning. As a result, pretrained models converge
faster, reach higher validation plateaus, and exhibit more stable generalization be-
havior compared to their randomly initialized counterparts.

E"ect of dataset composition and domain shift. A second axis of analysis
concerns the impact of training data composition. Table 5.1 compares models
trained exclusively on public datasets with their performance when evaluated on
clips from the proprietary laboratory dataset. When trained and tested on public
data only, all architectures achieve strong performance, confirming their ability to
fit the source domains.

However, when the same models are evaluated on laboratory clips simulating
full-bus scenarios, a substantial performance degradation is observed. In particular,
Fight-class F1-scores drop by more than 30 percentage points in some configura-
tions, revealing a severe domain shift between public datasets and the target deploy-
ment environment, consistent with prior findings in public transport surveillance
[7].

Importantly, incorporating laboratory data during training markedly mitigates
this gap. As reported in Table 5.3, models trained on the combined dataset (public
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Model Training Set F1-Score Accuracy

SlowFast50 Public only 0.63 0.68
Public + Laboratory 0.86 0.89

R(2+1)D Public only 0.62 0.67
Public + Laboratory 0.85 0.87

X3D Public only 0.68 0.72
Public + Laboratory 0.88 0.90

Table 5.3: Performance on 100 laboratory test clips, highlighting the benefit of including
domain-specific data during training.

+ laboratory) significantly outperform their public-only counterparts when eval-
uated on the proprietary test set. Across backbones, the inclusion of laboratory
data yields absolute improvements in F1-score of approximately 20–25 percentage
points, corresponding to relative gains exceeding 30%. These results demonstrate
that domain-specific data capturing realistic viewpoints, crowding conditions, and
image quality are essential for robust violence detection in public transport envi-
ronments.

Taken together, these experiments establish two key conclusions that guide
the remainder of this chapter. First, pretraining on large-scale action recognition
datasets is a critical enabler for learning reliable spatio-temporal representations of
violent behavior. Second, the inclusion of laboratory data aligned with the target
deployment scenario is indispensable to achieve acceptable generalization perfor-
mance. Both design choices are therefore retained in all subsequent analyses and
directly motivate the deployment-oriented model selection discussed later in this
chapter.

5.1.1 Learning Dynamics and Convergence
Having established the impact of pretraining and dataset composition on final per-
formance, we now analyze the learning dynamics that lead to these outcomes and
justify the observed performance gaps.

Figures 5.1 and 5.2 report the global learning dynamics for all evaluated back-
bones trained from scratch and fine-tuned from Kinetics-400 pretrained weights,
respectively. Each figure adopts a compact multi-panel layout that summarizes ac-
curacy, F1-score, loss, and AUC over training epochs, jointly capturing convergence
speed, optimization stability, and class-separation capability.

While global metrics provide a high-level view of convergence, they may mask
class-specific e!ects in imbalanced violence detection. Figure 5.4 therefore reports
class-wise learning dynamics for No-Fight (class 0) and Fight (class 1), explicitly
highlighting how di!erent training strategies a!ect minority-class learning. The
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class-wise curves show that pretraining yields a pronounced and consistent benefit
on the Fight class, with earlier improvements and more stable trajectories in F1-
score, recall, and loss. In contrast, training from scratch often results in noisier
curves and delayed learning of the minority class, even when overall accuracy ap-
pears satisfactory. These observations directly explain and support the quantitative
gains reported in Table 5.2.

Backbone-specific trends are also evident. SlowFast R50 exhibits rapid early
improvements, particularly in Fight-class recall, reflecting its strong motion sensi-
tivity, but may show earlier saturation or mild overfitting. X3D-L converges more
gradually and displays the most stable validation behavior across all metrics, espe-
cially in terms of AUC and Fight-class F1. R(2+1)D shows intermediate dynamics,
with competitive performance but greater variability across epochs, consistent with
its reduced robustness under domain shift.

The final checkpoint used for test-set evaluation (Section 5.1.2) is selected ac-
cording to the best validation Fight-class F1 or macro-F1, ensuring that the o#ine
comparison reflects a deployment-oriented operating point rather than an arbitrary
training epoch.
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(a) SlowFast: Accu-
racy

(b) SlowFast: F1 (c) SlowFast: Loss (d) SlowFast: AUC

(e) X3D: Accuracy (f) X3D: F1 (g) X3D: Loss (h) X3D: AUC

(i) R(2+1)D: Accuracy (j) R(2+1)D: F1 (k) R(2+1)D: Loss (l) R(2+1)D: AUC

Figure 5.1: Learning dynamics for models trained from scratch (no pretraining). Each
subplot reports training and validation curves for the corresponding metric.
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(a) SlowFast: Accu-
racy

(b) SlowFast: F1 (c) SlowFast: Loss (d) SlowFast: AUC

(e) X3D: Accuracy (f) X3D: F1 (g) X3D: Loss (h) X3D: AUC

(i) R(2+1)D: Accuracy (j) R(2+1)D: F1 (k) R(2+1)D: Loss (l) R(2+1)D: AUC

Figure 5.2: Learning dynamics for models fine-tuned from Kinetics-400 pretrained
weights. Training and validation curves are shown for each metric.
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Class 0 (No-Fight)

(a) SlowFast: Accc0 (b) SlowFast: F1c0 (c) SlowFast: Lossc0

(d) X3D: Accc0 (e) X3D: F1c0 (f) X3D: Lossc0

(g) R(2+1)D: Accc0 (h) R(2+1)D: F1c0 (i) R(2+1)D: Lossc0

Figure 5.3: Class-wise learning dynamics for No-Fight (class 0). Each subplot reports
training and validation curves, highlighting the e!ect of pretraining on minority-class
learning.

100



5.1 – Training Results and Model Selection

Class 1 (Fight)

(a) SlowFast: Accc0 (b) SlowFast: F1c0 (c) SlowFast: Lossc0

(d) X3D: Accc0 (e) X3D: F1c0 (f) X3D: Lossc0

(g) R(2+1)D: Accc0 (h) R(2+1)D: F1c0 (i) R(2+1)D: Lossc0

Figure 5.4: Class-wise learning dynamics for Fight (class 1). Each subplot reports
training and validation curves, highlighting the e!ect of pretraining on minority-class
learning.
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5.1.2 Quantitative Comparison on the Test Set

The quantitative comparison on the held-out test set complements the analysis of
learning dynamics by assessing how the di!erent backbones generalize once training
has converged. All models are evaluated under identical clip normalization and pre-
processing conditions (Chapter 4) and using checkpoints selected according to the
validation criteria discussed in Section 5.1.1, namely the maximization of Fight-class
F1 or macro-F1 under the configuration that includes Kinetics-400 pretraining and
laboratory data.

Rather than relying on a single aggregate score, the comparison is framed in
a deployment-oriented perspective, where di!erent metrics capture distinct oper-
ational requirements. Fight recall and Fight F1 quantify sensitivity to aggressive
behavior and represent the primary safety objective, as missed detections corre-
spond to the most critical failure mode in public-transport surveillance. Precision
reflects alert reliability and operational cost, since excessive false positives may lead
to alert fatigue and reduced trust in the system. Threshold-independent indicators
such as PR-AUC are used to assess the quality of confidence ranking under class
imbalance, while ROC-AUC is retained as a conventional complementary metric,
in line with established best practices for imbalanced binary classification.

Across all evaluated configurations, clear and consistent trends emerge. X3D-L
exhibits the most favorable balance between sensitivity and selectivity, achieving
strong Fight-class detection while maintaining controlled false-positive behavior.
SlowFast R50 reaches competitive levels of Fight recall, confirming its e!ective-
ness in capturing motion-driven aggression cues, but shows a less favorable preci-
sion–recall trade-o!, consistent with its higher tendency to over-trigger on ambigu-
ous non-violent motion. R(2+1)D, while e!ective in controlled settings, demon-
strates reduced class-separation capability under the tested configuration, aligning
with its less stable learning dynamics and increased sensitivity to domain shift.

Importantly, these observations reinforce the notion that no single metric is
su"cient to support model selection in a safety-critical application. A marginal
improvement in overall accuracy would not compensate for a systematic reduction
in Fight recall, just as an aggressive recall-oriented operating point would be un-
acceptable if accompanied by an excessive false-positive rate. Instead, meaningful
comparison requires a joint interpretation of sensitivity, reliability, and confidence
ranking.

The quantitative trends observed on the test set are fully consistent with the
convergence behavior reported in the learning curves (Section 5.1.2) and with
the error structure revealed by confusion matrices and qualitative analysis (Sec-
tions 5.1.4–5.1.5). Models exhibiting smoother convergence and stronger minority-
class learning also demonstrate superior generalization on the held-out test set,
providing a coherent and deployment-relevant basis for backbone selection.
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5.1.3 Confusion Matrices and Class-Wise Behavior
While scalar metrics and learning curves characterize average performance and con-
vergence behavior, confusion matrices provide a more operationally meaningful view
of how each backbone distributes its errors at the selected operating point. Fig-
ure 5.5 reports the normalized confusion matrices computed at the best validation
epoch for each model, o!ering insight into the balance between missed detections
(false negatives) and spurious alerts (false positives).

Across all architectures, a common trend emerges: errors are not uniformly dis-
tributed, but are strongly conditioned by visual factors such as distance from the
camera and scene occlusion. In particular, all models exhibit an increasing ten-
dency toward false negatives as the distance between the interacting subjects and
the camera increases. Empirically, beyond approximately 3 meters, aggressive in-
teractions are more frequently missed, reflecting the progressive loss of fine-grained
motion cues and body-part articulation at far-field resolutions.

Occlusions represent a second major contributor to false negatives. Partial
or full occlusions—caused either by other passengers in crowded scenes or by large
foreground objects—attenuate discriminative limb motion and temporal continuity,
leading the models to underestimate or entirely miss violent interactions. This
e!ect is visible across all backbones and becomes more pronounced in high-density
scenarios.

False positives, on the other hand, are primarily associated with ambiguous but
non-violent actions, rather than random noise. A recurrent failure mode involves
actions that include raising or extending the arms, such as putting on a jacket,
adjusting clothing, or gesturing during conversation. These movements, even when
slow, can resemble aggressive motion patterns at the spatiotemporal level, especially
when they occur within close range (typically within 3 meters), where motion am-
plitude and body detail are more salient. Strong occlusions due to crowding or
large obstructions can also trigger false positives by fragmenting visual evidence
and amplifying motion uncertainty.

Within this shared error structure, backbone-specific behaviors remain evident.
SlowFast R50 shows strong sensitivity to aggressive motion but a higher propen-
sity to over-trigger on high-energy non-violent gestures, consistent with its motion-
focused inductive bias. X3D-L achieves a more balanced error distribution, main-
taining a lower false-positive rate while limiting false negatives under moderate
occlusion and distance. R(2+1)D presents a higher concentration of false negatives
under visually degraded conditions, aligning with its less stable learning dynamics
and reduced robustness to domain shift.

By explicitly decomposing errors into false positives and false negatives and
linking them to concrete visual conditions, the confusion matrices provide a crucial
bridge between quantitative performance indicators and qualitative failure analysis,
directly informing deployment-oriented design choices.
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(a) SlowFast: Overall (b) X3D: Overall (c) R(2+1)D: Overall

Figure 5.5: Confusion matrices at the best validation epoch for each backbone. Rows
report the overall matrix and the class-wise views (class 0: No-Fight, class 1: Fight),
while columns correspond to SlowFast R50, X3D-L, and R(2+1)D.

5.1.4 Qualitative Error Analysis: TP/FP/TN/FN Exam-
ples

Quantitative metrics and confusion matrices are complemented by a qualitative
inspection of representative True Positive (TP), False Positive (FP), True Negative
(TN), and False Negative (FN) examples extracted from the test set. Figures 5.6,
5.7, and 5.8 present structured visual grids for each backbone, with three represen-
tative examples per error category.

True positives consistently correspond to clips in which physical contact and
antagonistic intent are clearly visible, typically occurring within an e!ective working
distance from the camera. In these cases, limb interactions, body orientation, and
temporal continuity provide su"cient evidence for reliable classification across all
models.

False negatives exhibit two dominant patterns. The first is far-field interaction,
where subjects are located beyond approximately 3 meters from the camera. In
this regime, reduced spatial resolution and diminished motion saliency impair the
extraction of discriminative cues. The second pattern involves partial or strong
occlusions, either due to dense passenger crowds or large intervening objects, which
fragment or suppress critical motion signals. These factors often co-occur in realistic
bus scenarios, compounding their negative e!ect.

False positives are predominantly driven by hard negatives rather than random
misclassification. A frequent trigger is non-violent actions involving arm elevation
or extension, such as wearing a jacket, adjusting clothing, or expressive gestur-
ing. Even when performed slowly, these actions can generate motion patterns that
resemble aggressive behavior at the clip level, particularly in near-field views. Addi-
tional false positives arise in scenes with severe occlusion, where incomplete visual
evidence leads to overconfident predictions.

True negatives largely correspond to static or smoothly evolving scenes without
abrupt motion or close-range physical interaction, confirming that the models do
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not trivially over-trigger in the absence of salient motion cues.
Comparing backbones reveals consistent qualitative di!erences. SlowFast R50

tends to over-react to energetic but non-violent movements, reflecting its strong
motion sensitivity. X3D-L shows a more conservative behavior in ambiguous sce-
narios while preserving sensitivity to genuine aggression. R(2+1)D exhibits a higher
proportion of missed detections in far-field or occluded conditions.

These qualitative observations are fully aligned with the confusion matrices and
reinforce the interpretation of the learning dynamics and quantitative results.
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(a) TP-1 (b) TP-2 (c) TP-3

(d) FP-1 (e) FP-2 (f) FP-3

(g) TN-1 (h) TN-2 (i) TN-3

(j) FN-1 (k) FN-2 (l) FN-3

Figure 5.6: Qualitative error analysis for SlowFast R50: three examples each for TP,
FP, TN, and FN. Each panel should report ground truth, predicted label, and Fight con-
fidence score.
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(a) TP-1 (b) TP-2 (c) TP-3

(d) FP-1 (e) FP-2 (f) FP-3

(g) TN-1 (h) TN-2 (i) TN-3

(j) FN-1 (k) FN-2 (l) FN-3

Figure 5.7: Qualitative error analysis for X3D-L: three examples each for TP, FP, TN,
and FN.
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(a) TP-1 (b) TP-2 (c) TP-3

(d) FP-1 (e) FP-2 (f) FP-3

(g) TN-1 (h) TN-2 (i) TN-3

(j) FN-1 (k) FN-2 (l) FN-3

Figure 5.8: Qualitative error analysis for R(2+1)D: three examples each for TP, FP,
TN, and FN.
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5.1.5 Model Selection for Deployment
The final backbone selected for on-board deployment is determined through a
deployment-oriented trade-o! grounded in the experimental evidence presented in
this chapter. The decision jointly accounts for recognition e!ectiveness, error struc-
ture, and embedded feasibility.

From a recognition standpoint, reliable detection of the Fight class under realis-
tic operating conditions is the primary requirement. The qualitative and confusion-
matrix analyses demonstrate that all models are a!ected by distance and occlusion,
but with di!erent degrees of robustness. X3D-L consistently exhibits the most bal-
anced behavior, limiting false negatives beyond close range while avoiding excessive
false positives under ambiguous motion.

From an operational standpoint, false positives must remain bounded to pre-
vent alert fatigue and preserve trust in the system. In this respect, X3D-L shows a
clear advantage, as its conservative response to arm-raising gestures and occluded
scenes reduces the likelihood of spurious alerts. SlowFast R50, while competitive in
terms of raw sensitivity, displays a higher propensity to over-trigger on non-violent
but dynamic actions, making it less suitable for conservative deployment with-
out aggressive post-processing. R(2+1)D, although e!ective in controlled settings,
demonstrates reduced robustness under visually degraded conditions.

Finally, from a systems standpoint, the selected model must satisfy the latency
and throughput constraints imposed by multi-camera, real-time operation on an
embedded GPU platform, as discussed in the software architecture and real-time
strategy sections.

Taken together, the evidence indicates that X3D-L o!ers the most favorable
compromise between Fight sensitivity, alert reliability, and robustness to real-world
perturbations such as distance, occlusion, and crowding. The chosen model is
therefore carried forward to the real-time processing strategy and field validation
reported in the following sections, where o#ine performance is further challenged
by operational conditions that cannot be fully reproduced in static benchmarks.

5.2 Real-Time Processing Strategy
Deploying violence recognition on-board a public-transport vehicle is not merely
a matter of running a trained backbone at inference time; it requires a streaming
design that (i) produces predictions with bounded latency, (ii) preserves tempo-
ral continuity so that short aggressive bursts are not fragmented across window
boundaries, and (iii) limits bandwidth and privacy risks by avoiding continuous
backhaul of raw video. In this work, the system is explicitly conceived as an edge
video analytics pipeline, where acquisition, bu!ering, pre-processing and inference
are executed locally on the embedded GPU server, while the communication layer
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is used only to transmit compact notifications and associated metadata when re-
quired. This architectural choice aligns with established evidence that pushing
video understanding toward the edge reduces network load and improves respon-
siveness in safety-critical monitoring, while keeping sensitive data local by default
[56, 36, 47]. The operational implication is that the software stack must transform a
continuous RTSP stream into a sequence of short, normalized clips suitable for clip-
level action recognition, and must do so deterministically under limited compute
and thermal budgets.

The adopted strategy associates each camera stream with a dedicated circular
bu!er used to construct fixed-duration clips at a fixed update rate (Figure 2.1).
Cameras operate at a nominal 30 fps; therefore, we set a bu!er size of Tbuf =
90 frames, corresponding to approximately 3 s of temporal context. At system
start-up, the bu!er is filled with the first 90 acquired frames; afterwards, at each
update cycle, 30 new frames are appended while the 60 most recent frames are
retained, yielding a stride of ! = 30 frames (≃ 1 s) and a temporal overlap of
66%. This overlap is a key design decision: in real streams, violent interactions
rarely align with artificial clip boundaries, and a sliding-window overlap reduces
boundary e!ects, stabilizes predictions over time, and increases the probability
that the onset and peak of an event are fully contained in at least one processed
window. Operationally, the overlap ratio is

φ = Tbuf ↘ !
Tbuf

= 90 ↘ 30
90 = 2

3 , (5.1)

so that successive clips share 2 s of visual history. The system thus implements
an online classifier with a 3 s receptive field and 1 s temporal granularity, which
is consistent with the requirements of real-time violence monitoring where timely
alerts are more critical than dense frame-by-frame labeling. Similar real-time con-
straints and e"ciency-driven design objectives are widely discussed in the violence-
recognition literature, where the core challenge is balancing motion sensitivity and
deployability [49, 36].

Each extracted clip undergoes a lightweight pre-processing stage that mirrors
the training normalization protocol (Chapter 4): frames are resized/cropped to
the chosen input resolution, converted to tensor format, and normalized in inten-
sity. The output of pre-processing is then adapted to the backbone-specific input
interface: SlowFast requires a two-pathway representation derived from the same
bu!ered clip (slow/fast temporal sampling), while X3D-L and R(2+1)D consume
a single spatiotemporal tensor. Importantly, the pre-processing budget is treated
as part of the real-time constraint, hence only linear-time operations (in number of
pixels/frames) are used, and the implementation is engineered to avoid unnecessary
copies through contiguous clip snapshotting and per-camera bu!er management.

From a timing standpoint, the end-to-end processing chain can be decomposed
into acquisition/decoding (tacq), bu!er update and snapshot (tbuf), pre-processing
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Figure 5.9: Acquisition unit placement: anterior (red), central (blue), and posterior
(green) bus zones.

(tprep), and GPU inference (tinf). While acquisition runs continuously in parallel,
the remaining stages must satisfy a bounded-cycle requirement associated with the
update frequency:

tbuf + tprep + tinf ↗ Tcycle, Tcycle ≃ 1 s. (5.2)

Latency measurements performed in the bus simulator confirm that the proposed
configuration is compatible with real-time operation, reporting an end-to-end pro-
cessing time in the range 620–950 ms (including acquisition, bu!ering, pre-processing
and model prediction). Beyond confirming feasibility, these measurements motivate
a design principle adopted throughout the stack: each stage must degrade grace-
fully under transient stream perturbations (RTSP jitter, partial disconnections)
by prioritizing recency of frames and bounded queues, so that the system remains
reactive rather than accumulating stale data.

Finally, the inference output is stored in a structured per-camera bu!er (scores,
predicted labels, timestamps) and connected to the alert subsystem. In the present
chapter, we intentionally describe the decision layer in architectural terms—i.e., as
a configurable post-processing stage that can implement confidence thresholding
and short temporal persistence—while the specific parameter tuning is deferred to
the next chapter, where it is derived from experimental evidence and deployment
trade-o!s. Upon triggering, the system retains the corresponding evidence segment
(at least the current 3 s bu!er, optionally extended with pre/post context) and
dispatches a compact GSM notification containing event metadata and a reference
to the stored clip. This preserves a low-latency response loop while keeping raw
video local by default, coherently with the edge-analytics rationale [56, 36].

5.3 Field Validation
After validating o#ine performance and real-time feasibility in the simulator, the
complete pipeline was deployed on a 13-m urban bus and evaluated through super-
vised field trials conducted in collaboration with a local public transport operator.
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The objective of this campaign was not merely to confirm classification accuracy,
but to stress-test the entire closed-loop system under operational conditions that
are di"cult or impossible to reproduce in laboratory settings. These include contin-
uous vehicle vibrations, abrupt illumination changes, non-stationary backgrounds
due to passenger flow, strong viewpoint and distance variability, and frequent par-
tial occlusions caused by standing passengers and onboard structures.

These factors are well known to challenge deployable violence recognition sys-
tems, particularly in surveillance-like scenarios where domain shift and far-field ob-
servations progressively attenuate the spatiotemporal cues exploited by deep action
recognition models. Importantly, the field validation was designed to verify whether
the qualitative behaviors observed during training and o#ine testing—such as con-
fidence degradation with distance, occlusion-induced errors, and hard-negative con-
fusion—also emerge in real operation, thereby assessing the realism and predictive
value of the o#ine analysis.

5.3.1 Trial Protocol and Ground-Truth Definition
To explicitly capture the e!ect of camera-to-subject distance, the bus interior was
partitioned into three contiguous zones of approximately 4 m each—anterior, cen-
tral, and posterior (Figure 5.9). Each zone was monitored by three partially overlap-
ping viewpoints originating from distinct acquisition units. This configuration re-
flects the actual deployment architecture and intentionally introduces redundancy,
allowing the same interaction to be observed at di!erent distances and angles.

During the campaign, trained actors performed scripted but realistic behaviors
representative of in-vehicle conflicts, including pushing, grabbing, confrontational
gestures, and escalation scenarios embedded within normal passenger activity. A
total of 53 experiments were conducted across all zones.

Ground truth was defined at two complementary levels. At the clip level, each
1 Hz decision window was labeled as Fight or No-Fight. When applicable, event-
level annotations were also provided by marking the start and end of each aggressive
interaction. This dual annotation scheme enables the computation of both window-
level metrics and event-level indicators, which are particularly relevant in real-time
safety systems where detecting the presence of an event at least once during its
evolution is often more important than continuous frame-by-frame correctness.

5.3.2 Overall Performance and Operational Metrics
Across all trials, the system achieved an overall accuracy of 86.4%, with Fight
precision of 0.84 and Fight recall of 0.81, confirming that the selected backbone
and the real-time pipeline retain discriminative capability under realistic bus con-
ditions. However, clip-level metrics alone do not fully characterize operational suit-
ability. Therefore, in addition to conventional classification scores, we report two
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Descriptor Value
Number of trials 53
Zones covered Anterior / Central / Posterior
Views per zone 3 (overlapping)
Nominal frame rate 30 fps
Decision rate 1 Hz (stride 1 s, window 3 s)
Event duration (median / IQR) – / –

Table 5.4: Field-trial protocol summary. Report event duration statistics if event-level
ground truth is available.

deployment-oriented indicators: event detection rate (EDR) and time-to-detection
(TTD). EDR measures the fraction of aggressive events for which at least one Fight
decision is produced within the annotated event interval; TTD measures the de-
lay between the annotated start of aggression and the first correct Fight decision.
These indicators quantify not only whether the system is correct, but also whether
it reacts in time to support mitigation and alerting. Let E denote the set of anno-
tated aggressive events, and let [ts(e), te(e)] be the start/end time of event e. Given
the 1 Hz decision stream ŷ(t) ↑ {0,1} for Fight/No-Fight, the event detection rate
(EDR) is defined as

EDR = 1
|E|

∑

e↗E
I
(

∈t ↑ [ts(e), te(e)] : ŷ(t) = 1
)

. (5.3)

The time-to-detection (TTD) for an event e is

TTD(e) = min{t ↘ ts(e) | t ↑ [ts(e), te(e)], ŷ(t) = 1}, (5.4)

and we report its distribution (median and high-percentiles) across detected events.
Empirically, most aggressive events are detected within the first few seconds of their
evolution when at least one camera provides a near- or mid-field view. Conversely,
events observed only from far-field viewpoints exhibit delayed detection or occa-
sional misses, a behavior that directly mirrors the confidence degradation patterns
observed during o#ine testing.

5.3.3 Performance by Zone and Camera Viewpoint
A stratified analysis by zone and camera viewpoint reveals a clear dependence on
working distance. As summarized in Table 5.5, the central zone yields the highest
performance across all metrics. This behavior is explained by two complementary
factors: (i) mid-range distances that preserve full-body dynamics while maintaining
su"cient spatial resolution, and (ii) the presence of at least one closer viewpoint
capable of capturing fine-grained limb motion.
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Cam 3B
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Figure 5.10: Comparison of three violent events from di!erent viewpoints.

In the anterior and posterior zones, performance varies more strongly across
cameras. In both cases, the camera closest to the interaction consistently provides
the most reliable predictions, while farthest viewpoints exhibit reduced confidence
and increased misclassification risk. This pattern is fully consistent with far-field
degradation e!ects: as distance increases, actors occupy fewer pixels, limb motion
becomes less distinguishable, and occlusion probability increases due to standing
passengers and seat structures.

Figure 5.10 visually illustrates this phenomenon by showing the same violent
interaction observed from di!erent viewpoints. While near-field views yield con-
fident Fight predictions, far-field views often approach the decision boundary or
cross into No-Fight, despite the interaction being identical.

5.3.4 Distance Sensitivity and Confidence Degradation
Distance sensitivity emerges as one of the most systematic factors a!ecting field
performance. Table 5.6 reports the confidence scores assigned to the same violent
scene observed from three di!erent distances. The closest camera (≃ 3 m) produces
a confident and correct Fight prediction, while intermediate distances show reduced
margins, and the farthest view (≃ 9 m) leads to a low-confidence No-Fight decision.

This observation provides empirical confirmation—under real operating condi-
tions—of the trends identified during o#ine training and testing. In the present
setup, an e!ective working range of approximately 3–4 m can be identified, beyond

114



5.3 – Field Validation

Zone Camera Accuracy Precision Recall
(Fight) (Fight)

Anterior
Unit 1 0.87 0.84 0.81
Unit 2 0.85 0.82 0.79
Unit 3 0.80 0.77 0.75

Central
Unit 1 0.89 0.86 0.84
Unit 2 0.91 0.88 0.86
Unit 3 0.90 0.87 0.84

Posterior
Unit 1 0.82 0.79 0.76
Unit 2 0.84 0.81 0.78
Unit 3 0.86 0.83 0.80

Overall (avg) — 0.86 0.83 0.80

Table 5.5: Detection performance per bus zone and acquisition camera, averaged over
53 field experiments.

Camera ID Distance Predicted Label Confidence Score
Unit 1 ⇔3 m Fight 0.91
Unit 2 ⇔6 m Fight 0.69
Unit 3 ⇔9 m No Fight 0.56

Table 5.6: Prediction confidence of the same violent scene observed from three di!erent
distances.

which confidence progressively degrades and false negatives become more likely.
This finding has direct architectural implications: it motivates confidence-aware
decision policies, temporal persistence, and the exploitation of overlapping views
to ensure that at least one camera operates within the e!ective range whenever
possible.

5.3.5 Qualitative Field Error Analysis (TP/FP/TN/FN)
and Failure Taxonomy

Quantitative metrics are complemented by a qualitative inspection of representative
True Positive (TP), False Positive (FP), True Negative (TN), and False Negative
(FN) examples extracted from on-board recordings (Figure 5.11). Importantly,
the failure modes observed on the bus closely mirror those identified during o#ine
analysis, indicating that the training-time diagnostics are predictive of real-world
behavior.

A consistent taxonomy of errors emerges:
True Positives predominantly correspond to interactions occurring within the

e!ective working range, where physical contact and antagonistic intent are clearly
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visible and generate strong spatiotemporal evidence.
False Negatives are strongly associated with increased distance (typically be-

yond ≃ 3 m) and with partial or severe occlusions. In these cases, critical limb
motion is attenuated or intermittently hidden by other passengers or structural
elements, leading the model to underestimate aggression.

False Positives are primarily triggered by hard negatives involving arm elevation
and upper-body motion, such as passengers holding overhead supports, putting on
or removing jackets, or performing slow but wide arm movements. These actions
are particularly problematic when observed at close range, where motion energy is
high but antagonistic intent is absent.

Additional FP cases arise under strong crowding, where severe occlusions and
compressive motion patterns resemble aggressive interactions at the spatiotemporal
level.

These observations confirm that the dominant error drivers are not random, but
are systematically linked to distance, occlusion, and semantic ambiguity—exactly
the factors anticipated during o#ine training and validation.
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5.3 – Field Validation

Figure 5.11: Field qualitative analysis: representative TP/FP/TN/FN examples ex-
tracted from on-board trials. Each panel should report ground truth, predicted label, Fight
confidence, camera ID, and approximate distance. A recommended selection strategy is to
include at least one near-field and one far-field example per category to explicitly highlight
distance and occlusion e!ects.

A consistent pattern emerges from these examples. True positives are typically
characterized by su"ciently close working distances (within the e!ective range) and
by visible physical contact or high-acceleration motion primitives (pushes, grabs)
that generate strong spatiotemporal evidence. False negatives frequently occur in
far-field views where actors occupy few pixels, or when the critical limb motion is
partially hidden by standing passengers or seat structures, reducing the observable
motion energy and leading the model to favor No-Fight. False positives concentrate
on hard negatives with abrupt, high-energy motion (e.g., fast arm gestures, crowd
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compression during boarding, or playful contact) where the absence of antagonistic
intent is semantically clear to humans but not fully encoded in the clip-level visual
evidence. Finally, true negatives often correspond to static or slowly varying scenes
where the system maintains low Fight confidence, confirming that the pipeline does
not trivially over-trigger in normal riding conditions.

5.3.6 Temporal Behavior, Detection Delay, and System Re-
liability in Field Operation

Beyond recognition accuracy, a deployable safety system must exhibit stable tem-
poral behavior and bounded latency under real operating conditions. Because the
pipeline outputs one decision per second using a 3 s sliding window, each cam-
era generates a temporal trace of Fight confidence scores that can be aligned to
annotated event onsets.

Near-field views typically show an early and steep rise in confidence shortly after
event onset, resulting in short time-to-detection. Far-field views, by contrast, often
exhibit delayed or oscillatory confidence near the decision threshold, reinforcing the
need for temporal persistence mechanisms in the decision logic.

System-level reliability was also monitored throughout the trials. Despite RTSP
jitter, vehicle vibrations, and transient reconnections, the end-to-end processing
time remained bounded and compatible with real-time constraints, with no accu-
mulation of stale frames or unbounded delays. These observations confirm that
the system not only recognizes violence with acceptable accuracy, but also operates
robustly as a real-time embedded pipeline.

5.3.7 Limitations and Threats to Validity
While the field trials provide strong evidence of feasibility and robustness, several
limitations must be acknowledged. The experiments are supervised and scripted
for safety and ethical reasons; although behaviors are realistic, they may not fully
capture the unpredictability of spontaneous real-world aggression. The number
of trials is su"cient to reveal systematic trends—such as distance sensitivity and
occlusion e!ects—but may not exhaustively cover rare corner cases. Furthermore,
camera placement and vehicle geometry are fixed in this study; di!erent bus models
or mounting configurations may alter the e!ective working range and should be
revalidated.

Finally, inference is performed independently per camera without explicit multi-
view fusion. While overlapping views already increase the probability that at least
one camera observes the interaction at an e!ective distance, formal multi-view
consolidation remains a promising direction to further reduce false negatives under
far-field and heavily occluded conditions.
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Conclusions and Future Work

Violence detection in public transportation remains markedly underexplored com-
pared to general video surveillance and action recognition in curated benchmarks.
Existing studies often report promising accuracy under controlled conditions, yet
only a limited subset addresses the constraints and failure modes that arise in real
deployments, such as viewpoint discontinuities, strong distance variation, occlu-
sions caused by crowding, unstable illumination, and strict requirements on latency
and privacy-preserving operation. This thesis contributes to narrowing this gap by
presenting and validating a complete edge-based, multi-camera pipeline for real-
time violent action recognition inside buses, designed explicitly around deployment
constraints rather than benchmark-only performance.

A first contribution is the system-level architecture: a distributed acquisition
layout with six cameras arranged to cover the bus cabin through partially over-
lapping views, connected to an onboard embedded GPU server executing the full
inference pipeline locally. This design follows a “local-first” principle: raw video
remains on the vehicle and network connectivity is used only for optional transmis-
sion of compact alerts and metadata. The resulting architecture enables bounded-
latency operation and reduces privacy and bandwidth exposure, while ensuring that
detection remains functional even under intermittent connectivity.

A second contribution is the training and evaluation methodology tailored to
the bus domain. Rather than relying solely on public datasets, the work adopts
a composite data strategy that combines large-scale public benchmarks with pro-
prietary bus recordings and laboratory/simulator data that reproduce the sensor
geometry and operational conditions of the target deployment. This choice directly
addresses the domain-shift e!ects demonstrated in the experimental chapters: mod-
els trained only on public data can achieve strong benchmark results yet degrade
substantially when transferred to bus interiors. By integrating in-domain samples
into the training process, the system improves both final performance and the sta-
bility of learning dynamics, reducing overfitting to dataset-specific artifacts and
promoting features that remain discriminative under realistic bus conditions.
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A third contribution concerns model adaptation and selection under imbal-
ance and deployment constraints. The experimental analysis systematically com-
pares multiple state-of-the-art backbones under consistent pre-processing and real-
time constraints, emphasizing deployment-relevant metrics (minority-class behav-
ior, PR-oriented reading, confusion matrices, qualitative errors) rather than accu-
racy alone. The adopted fine-tuning protocol—based on pretrained weights and
a progressive unfreezing schedule—improves convergence speed and minority-class
learning. This is reflected both in the learning curves and in the downstream er-
ror structure: pretraining consistently yields earlier improvements in Fight-class
F1/recall and more stable optimization trajectories, while training from scratch
shows noisier dynamics and delayed learning of the minority class.

The field validation provides the most important evidence: the proposed pipeline
maintains real-time operation onboard and preserves discriminative capability un-
der operational perturbations. In supervised trials conducted on a 13 m urban bus,
the system achieved approximately 86% overall accuracy, with 0.83 precision and
0.80 recall on the Fight class, confirming that the o#ine improvements transfer to
deployment. Crucially, qualitative analysis on both o#ine test data and field record-
ings converges on the same dominant failure modes, allowing the thesis to move
beyond aggregate numbers toward a deployment-oriented understanding of limita-
tions. Across backbones, confidence degrades with camera-to-subject distance, and
false negatives become more frequent beyond an e!ective range of roughly 3–4 m.
Severe occlusions—either from crowding or large onboard structures—also induce
false negatives by suppressing observable limb dynamics. Conversely, false posi-
tives are often triggered by hard negatives involving arm elevation and upper-body
motion (e.g., holding overhead supports, putting on/removing a jacket), especially
when observed at close range where motion energy is high. The fact that these
behaviors emerge consistently during training analysis and reappear in the field
supports the validity of the experimental methodology and provides clear engineer-
ing guidance for subsequent system refinements.

Overall, the thesis demonstrates that robust violence recognition on buses is
not achieved by backbone choice alone, but by the co-design of data, training
protocol, architecture, and evaluation around real operational constraints. Among
the evaluated models, X3D o!ers the best compromise between accuracy, stability,
and embedded feasibility, making it the most appropriate backbone for deployment
in the current system configuration.

Several research and engineering directions follow naturally from these results.
Dataset expansion and coverage of operational regimes. Increasing the diver-

sity of in-domain data—di!erent buses, camera mounting variations, lighting con-
ditions, passenger densities, and additional interaction patterns—remains the most
direct path to improved robustness. In particular, targeted collection of far-field
interactions and heavy-occlusion scenes would address the two dominant sources of
false negatives identified in both o#ine and field analysis.
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Distance- and occlusion-aware inference. The systematic confidence degrada-
tion beyond 3–4 m motivates explicit mechanisms to incorporate geometric context
into decision making. Promising approaches include multi-view consolidation (late
fusion across cameras), confidence calibration conditioned on estimated distance,
and occlusion-aware filtering using auxiliary signals (e.g., crowd density estimates).
These strategies aim to reduce missed detections when at least one view provides
su"cient visual evidence, while avoiding excessive false alarms.

Hard-negative modeling and context disambiguation. False positives triggered
by arm-raising actions suggest that clip-level motion patterns alone are sometimes
insu"cient to separate benign and aggressive interactions. Future work may in-
corporate lightweight context cues (pose dynamics, interaction proximity, temporal
persistence logic, or multi-clip confirmation) to discriminate “high-motion non-
violence” from actual fights, reducing alert fatigue without sacrificing recall.

Temporal decision policies aligned with safety requirements. Because deploy-
ment relevance depends on timely detection, future iterations should further de-
velop persistence-based logic and event-level evaluation. Rather than relying on a
single-window decision, the system can enforce temporal consistency (e.g., K-of-N
voting or hysteresis thresholds) to stabilize borderline confidence traces observed
in far-field views and reduce flickering predictions.

Broader event taxonomy for smart mobility. Finally, the same edge analytics
platform can be extended beyond violence to additional safety-critical events in
public transport, such as theft attempts, harassment, severe intoxication, medical
emergencies, falls, or crowding anomalies. This would shift the system from a single-
task detector toward a more comprehensive onboard safety monitoring framework,
with shared perception modules and task-specific heads
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