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Abstract

Automated violence detection from surveillance video can support continuous monitoring
and reduce the burden of manual video surveillance. But in real-world videos, there
are various real-world background obstructions, varying lighting conditions, occlusion,
and irrelevant visual information, making the detection difficult. This study investigates
whether preprocessing can improve violence detection by emphasizing motion and human
body structure before classification. One motion- and pose-based preprocessing method is
proposed, namely MoveNet on Frame Difference, in which first frame differencing is used
to remove static background content and highlight content in motion, and then MoveNet
multipose estimation is used to obtain the human skeletal structure from the frames of
motion content. To examine the effectiveness of this approach and the importance of
processing order, five preprocessing variants were evaluated on the RWF-2000 dataset:
Frame Difference, MoveNet, MoveNet Without Background, MoveNet on Frame Difference,
and Frame Difference on MoveNet. This effect of pre-processing was compared across all
variants using the same EfficientNet-BO and LSTM classification architecture, training
configuration, and held-out test set used to evaluate all variants. The proposed method
achieved the best overall performance, with 81.50% accuracy, 88.50% recall, 0.8271 F1-
score, and 0.8661 AUC. It also outperforms the reverse-order ablation Frame Difference
on MoveNet, which reached 74.00% accuracy, indicating that the order of motion and
pose information is important for the detection performance. The results show that
frame differencing prior to pose estimation gives a more informative representation, by
using the two information sources of motion localization and human body structure, but
without introducing background-related noises. Overall, the findings demonstrate that
an appropriate preprocessing strategy can improve real-world violence detection without
requiring a more complex classification architecture.
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Chapter-1: Introduction

1.1 Background

Violence is one of the major threats to public health around the world. According to
the World Health Organization, injuries and violence together cause approximately 4.4
million deaths each year, accounting for around eight percent of all global mortality [1].
Physical assault, interpersonal conflict, and crowd-based violence are major causes of
death and serious injury. Their effect go far beyond immediate injuries, often leading to
long-term disability, psychological trauma, and loss of economic resources that impact
families, communities, and health systems [1].

Violence also causes major economic losses by increasing healthcare costs, property damage,
and loss of productivity. The 2026 Global Peace Index estimates that the global economic
impact of violence amounted to more than twenty-one trillion US dollars annually [2].
This figure includes direct costs such as healthcare and law enforcement, as well as
substantially larger indirect losses from reduced productivity and foregone investment [2].
These numbers are not abstract. They expose the truth about the pressure on governments
and institutions to do more to prevent violence than just react to it after it happens.

There has been a lot of growth in surveillance infrastructure due to these pressures. In
recent years, it has become commonplace to have cameras placed in schools, hospitals,
banks, markets, transit stations, and public streets in cities around the world [3]. It’s
a well-known fact that anything that can be seen cannot be done, and when it is, the
evidence recorded by the camera makes for a strong deterrent. However, in practice these
two functions are used for different time frames. Evidence is gathered after a crime has
been committed. Deterrence only is effective if potential offenders think they are being
monitored. Both have no requirement for anyone to be on the lookout for the video in real
time, and most deployments don’t have anyone. The cameras record 24 /7, records pile up
and the vast majority of the footage is only seen when a problem has already occurred.

This leaves a big disconnect between surveillance infrastructure and coverage. The gap is
a result of the fact that it is actually challenging to monitor video in real time for human
operators. The video from hundreds of cameras could be streaming at one security desk.
After minutes, let alone hours, there can be attention lapses. It is unlikely that an operator
will be oriented towards the correct camera when a violent incident occurs and fatigue
exacerbates the issue during a long shift [3]. But the job becomes even more difficult when
you start to use real-world CCTV footage because of the variety of factors associated with
the footage that the monitoring system has to deal with: varying lighting across the day
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and night cycle, low spatial resolution of older installed equipment, motion blur due to
high speed of movement, dynamic backgrounds and partial occlusion of one person by
another are all common features of the footage processed by a monitoring system [4]. This
is not a domain where performance is measured under controlled laboratory conditions.

Surveillance Video Storage Human Operator Incident Detection

Cameras Store Video Data Manual Monitoring Violence/ Non-Violence

24/7 Recording

Manual vs Atuomated Violence Detection

l
s (N, — ﬂ/*

NV
Uy
Surveillance : . .
C Automated Analysis Incident Detection
ameras Detection Model Violence/ Non-Violence

24/7 Recording
Figure 1.1: Manual vs Automated Violence Detection

This gap is directly addressed by automatic violence detection. The need for continuous
human attention is eliminated by a software system that can analyze surveillance footage
and spot violent conduct as it happens or in almost real time from a continuous stream.
When a possible event is spotted, the system flags portions for human review instead of
requiring an operator to monitor every frame. Operator workload decreases, response
times improve, and coverage becomes truly continuous rather than only nominal [3].

Automated violence detection is a field in the larger area of video-based human action
recognition. The aim is binary classification: For a short video segment, classify whether
it contains a violent event or not. Initial attempts to solve this problem were based on
manually created descriptors derived from sequences of pixels. Some of the most popular
were spatio-temporal interest points (STIP), Motion Scale-Invariant Feature Transform
(MoSIFT), and Histogram of Oriented Gradients (HOG) combined with Support Vector
Machine classifiers or Bag-of-Words encoding schemes [3]. The methods could identify
gross patterns of motion in controlled footage, but are brittle. But when the test conditions
were very different from the training conditions (which is always the case when you switch
from a training set to a real surveillance set), the performance took a turn for the worse
without the slightest escape route.

Deep learning had a significant influence on the direction of the field. By doing so, convolu-
tional neural networks showed themselves to be capable of learning local representations of
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features from images without the need for feature engineering, and architectures for video
started to emerge from the mid-2010s. Two-stream networks separately computed RGB
frames and pre-computed optical flow in parallel at the architecture level. Convolutional
LSTM [5] networks took the LSTM [5] memory mechanism and applied it to structured
data, such as images, enabling the modelling of temporal dependencies without losing
spatial structures. Three-dimensional convolutional networks were trained directly on
the spatiotemporal features of stacked frame volumes. Recently, attention mechanisms
and light-weight mobile architectures have enabled to achieve higher accuracy with lower
computational costs. These have been carried over to the domain of violence detection,
where the prevailing strategy is to use some form of deep spatial feature extractor, along
with a temporal aggregation mechanism.

However, the problem is still not solved. The real world is a tough input modality, and
there is not yet a complete gap between the performance on clean benchmark datasets
and the deployment. If the camera system is installed in a ceiling mounted location, and
the image is grainy, at night and with some obscuration, a model learned from broadcast-
quality video of a hockey game or a Hollywood film will not generalize well to that type of
video. This explains why datasets created from real surveillance footage rather than the
manipulated footage, are relevant for proper evaluation.

1.2 Motivation

Raw RGB videos are high-dimensional signals. Most of that information is irrelevant
to the task of identifying violent activity: the texture of the floor, the design of the
wallpaper, the colors of the parked cars in the background, the static geometry of the
environment. A classifier trained on unprocessed RGB videos has to learn from labeled
examples alone how to discriminate between those irrelevant elements of visual information
and the spatiotemporal patterns that actually distinguish a fight from a handshake. In a
small training dataset, this dual learning task is more difficult than necessary.

Video pre-processing before classification represents a way to make the task simpler. If
the representation of the input data can be transformed in such a way that the irrelevant
content is filtered out even before the classifier gets it, the classifier is left with less noise to
separate from the signal, thus making the relevant signal relatively more salient. Two kinds
of pre-processing operations have been proposed in the literature on violence detection:
each addressing one specific kind of irrelevant information.

The first approach is frame differencing. For any pair of adjacent frames F(t) and F(t-1),
the absolute per-pixel difference |F(t) - F(t-1)| yields an image in which the regions of
static content become zero, while the regions of motion appear to be white. Applied to
surveillance video, this transformation filters out the static background almost completely,
leaving visible only what moved from frame to frame. In a violent interaction, that is,
the people involved. In a non-violent video, the resulting difference frames are mostly
dark and sparse. The classifier is fed with a representation in which motion distribution,
rather than the appearance of the scene, constitutes the discriminating signal. Sani et al.
[6] compared the performance of raw frame input versus frame-difference input on the
UCF-Crime dataset [7] in terms of a ResNet50-LSTM [5] classifier and found that frame
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differences improve the AUROC of the violence class from 0.89 to 0.91, as well as reduce
the training time by approximately three percent.

The second approach is pose estimation. Pose estimation predicts the coordinates of
anatomically-defined body keypoints in an image, yielding a stick figure skeleton that
contains information about the geometric layout of the human body without representing
its appearance. Aggressive interactions have certain characteristic body positions such
as raised arms, extended elbows, fast limb rotations, and lack of upright posture. All of
these are much easier to detect from a skeleton representation than from a raw frame,
where clothing colors and skin tones do not provide any useful information. In particular,
Bhuiyan et al. [8] used MoveNet pose estimation for processing the RWF-2000 dataset [4]
and trained a ResNetb0V2+LSTM [5] classifier on the resulting skeletons. They achieved
an accuracy of 68.50 percent on raw video and of 77.08 percent on pose-estimated video,
a relative improvement of 8.58 percentage points using the same dataset and the same
classifier architecture.

Both results are encouraging, but neither of the two studies compared their preprocessing
approach to alternatives. Bhuiyan et al. [§] compared raw video against pose-estimated
video; they did not experiment with frame differencing and did not explore any combination
of the two. Sani et al. [6] performed frame differencing on the UCF-Crime dataset; [7] they
did not experiment with pose estimation and did not use the RWF-2000 dataset. Barapatre
et al. [9] performed a classification of RWF-2000 [4] without using any preprocessing
techniques whatsoever and achieved an accuracy of 68 percent. Garcia-Cobo and SanMiguel
[10] designed a two-stream architecture which combined skeletal and change detection
features into a single model, obtaining an accuracy of 90.25 percent on the RWF-2000
dataset. However, this fusion was architectural and not preprocessing-related; it was applied
to an otherwise fixed architecture. Aung et al. [11] combined YOLO-NAS pose estimation
with frame differencing in a dual-stream ConvLSTM model and obtained results across
several datasets, but once again the fusion was architectural and not preprocessing-related.

Overall, these studies leave a specific question unanswered: what happens when you apply
frame differencing and pose estimation sequentially, as a preprocessing pipeline feeding a
single consistent classifier? And does the order matter? Frame differencing first produces
motion-residual images that suppress static background; MoveNet [12] then annotates
skeletal keypoints on those motion-residual images, potentially detecting pose more cleanly
because the background noise has already been removed. The reverse order applies
MoveNet [12] to full RGB frames first, then differences the resulting skeleton sequences;
this preserves the full visual context for pose detection but then subtracts consecutive
skeleton frames, which amplifies the small detection jitter that MoveNet [12] produces
even on stationary subjects. These two orderings encode different assumptions about what
information is most important to preserve, and there is no published comparison of them
on the same dataset with the same classifier. This thesis was motivated by that gap.

1.3 Research Questions

The motivation outlined above raises a specific empirical question: whether combining
frame differencing and pose estimation in a deliberate sequence produces a more useful
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input for violence detection than any alternative, and whether that design choice holds
up under both a broad comparative evaluation and a controlled ablation. This thesis
is organized around three questions specific enough to be answered with evidence, each
addressed by the results in Chapter 5 and interpreted in Chapter 6.

1. RQ1: Does applying frame differencing before MoveNet pose estimation, as a
sequential preprocessing pipeline, produce a more effective input representation for
violence detection than either technique applied independently?

2. RQ2: Across five distinct preprocessing strategies evaluated under a fixed classifier
and identical training conditions on the RWF-2000 dataset, which input represen-
tation produces the strongest violence detection performance, and what does the
ranking reveal about what information matters most for this task?

3. RQ3: Does the order in which frame differencing and MoveNet pose estimation are
applied have a measurable and consistent effect on violence detection performance,
and if so, why?

RQ1 is the foundational question on which the other two depend. Prior work has shown
that frame differencing improves over raw RGB on UCF-Crime [17]| and that MoveNet pose
estimation improves over raw RGB on RWF-2000 [16], but neither study tested whether
combining both operations in sequence produces a representation that captures what
neither technique carries alone. RQ1 asks whether applying frame differencing first and
pose estimation second closes both gaps simultaneously, outperforming every individually
applied alternative. This is the purpose of Objective 1, answered in Section 5.2.5 and
interpreted in Section 6.2.

RQ2 asks a broader question than RQ1. Even if the proposed method outperforms
individual techniques, that finding alone does not establish where it sits relative to
all plausible alternatives, nor does it reveal what the full ranking of five preprocessing
configurations implies about which kinds of information most benefit the downstream
classifier. Answering this requires holding the classifier, training configuration, dataset,
and evaluation protocol identical across all five conditions so that preprocessing is the only
variable. This is the purpose of Objective 2, answered in Section 5.2 and interpreted in
Section 6.5.

RQ3 exists because a favorable answer to RQ2 would still leave open whether the proposed
method’s advantage over its reversed-order counterpart is attributable to sequence specifi-
cally, rather than simply to the presence of both operations together. Since both Frame
Difference on MoveNet and MoveNet on Frame Difference use identical techniques and
differ only in ordering, any performance gap isolates the effect of sequence alone. RQ3 asks
whether that gap exists, how large it is, and whether the reasoning in Section 4.2.4, that
differencing first gives MoveNet a cleaner input while the reverse order amplifies its own
estimation jitter, is confirmed empirically. This is the purpose of Objective 3, answered in
Section 5.3 and interpreted in Section 6.3.

Together, these research questions define the key aspects of the investigation and provide
the basis for formulating the specific objectives of this study.
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1.4 Objective

This study pursues three specific objectives, corresponding to a proposed method, a
comparative evaluation, and an ablation study.

1. Propose MoveNet on Frame Difference as a preprocessing pipeline for violence
detection. The primary contribution of this thesis is a preprocessing method in
which frame differencing is applied to the raw surveillance video first, and MoveNet
multipose pose estimation [12] is then applied to the resulting frame-difference
images. Frame differencing removes static background content by retaining only
the regions of inter-frame pixel change, concentrating the visual signal on where
motion occurred. MoveNet [12] then annotates human skeletal keypoints on those
motion-residual images, producing a representation that encodes both the spatial
location of movement and the geometric configuration of the human body during
that movement. This sequential combination is proposed as a more informative input
for violence classification than either operation applied alone or in the reverse order.

2. Compare five preprocessing variants on RWF-2000 [4] using a fixed classifier.
To evaluate the contribution of preprocessing rather than the classifier, the same
EfficientNet-B0 + LSTM [13] 5] architecture is trained independently on five different
input representations derived from the same dataset: raw frame difference video,
MoveNet [12] skeleton overlay on original RGB frame, MoveNet skeleton without
background, and the proposed MoveNet on Frame Difference. A sixth condition, raw
video, is taken from Bhuiyan et al. [8] as an external baseline. Performance across all
conditions is measured using accuracy, precision, recall, Fl-score, and AUC on the
same held-out test set of 400 clips from RWF-2000 [4], giving a direct comparison of
what each preprocessing choice contributes when the classifier is held constant.

3. Conduct an ablation study on fusion order. The proposed method applies
frame differencing before pose estimation. To test whether this ordering is material,
the reverse is also evaluated: MoveNet [12] is applied first to the original RGB frames,
and frame differencing is then applied to the resulting skeleton video. This ablation
isolates the effect of operation order from the effect of using both operations at all.
If the two orderings produce similar results, order does not matter and either could
be used in practice. If they diverge significantly, the result would identify which
ordering extracts more useful information and explain why.

Overall, these objectives establish a systematic framework for developing, comparing, and
validating the proposed preprocessing strategy, with particular emphasis on the contribution
of preprocessing choice and operation order to violence detection performance.

1.5 Thesis Organization

This thesis is structured into seven chapters, with each chapter contributing to the
development, evaluation, and interpretation of the proposed violence detection approach.
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e Chapter 2 (Literature Review) reviews existing approaches to violence detection,
covering traditional methods, deep learning techniques, pose estimation, and frame
differencing, and identifies the research gap addressed in this study.

e Chapter 3 (Dataset) describes the RWF-2000 dataset, including its collection and
composition, partitioning, leakage prevention, comparison with related datasets, and
the final dataset split used in this study.

e Chapter 4 (Methodology) presents the proposed approach and experimental
framework, including frame difference and MoveNet-based preprocessing, their se-
quential combinations, the EfficientNet-BO and LSTM classification model, training
configuration, and evaluation metrics.

e Chapter 5 (Results and Analysis) presents the experimental results of the differ-
ent preprocessing variants, including the raw video baseline, individual preprocessing
methods, the proposed approach, and the ablation study on preprocessing order.

e Chapter 6 (Discussion) interprets the findings, examining the effectiveness of the
different preprocessing strategies, their comparative performance, and the practical
significance of the results.

e Chapter 7 (Conclusion) summarizes the main findings, addresses the research
objectives, and discusses the social, environmental, and ethical considerations, limi-
tations, and potential directions for future work.

Overall, the thesis progresses from the background and existing research to the dataset,
methodology, experimental findings, discussion, and concluding insights.
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Chapter-2: Literature Review

2.1 Prior Studies

The method for automated detection of violence in video has progressed over the years and
several methodological frameworks have been proposed: handcrafted feature descriptors
combined with classical classifiers, early deep learning models where hand-designed features
are replaced by learned convolutional representation, further deep learning models that
incorporate attention mechanisms, efficient convolutions or transformer-based components,
and finally methods that explicitly separate the human motion and human pose from the
background appearance through frame differencing and pose estimation.

Traditional & Early deep Advanced Pose & frame-
classical learning approaches differencing
Hapdemfed CNN / ConvLSTM on Attention, 3D-CNNG, EEplicit Sklctbn
descriptors (STIP, tical fl. lichtweight motion
MOoSIFT, HOG) + oP 1ca. ow . 12 ‘Welg isolation before
or frame differencing architectures

SVM / BoW classification

Figure 2.1: Evolution of Violence Detection Methods

The following subsections review representative works from each of these categories.

2.1.1 Traditional and Classical Methods

Before deep learning, handcrafted spatio-temporal descriptors were used along with classical
machine learning classifiers for violence detection. One influential early study evaluated
local spatio-temporal descriptors, Space-Time Interest Points (STIP) and Motion Scale-
Invariant Feature Transform (MoSIFT), for detecting fights in both sports footage and
movie scenes [14]. Features were encoded using a Bag-of-Words model obtained by k-means
clustering over a visual vocabulary, and each video was represented as a histogram of
visual words before being classified by SVM (Support Vector Machine) with a Histogram
Intersection Kernel. STIP and MoSIFT, however, achieved a 91.7 percent accuracy rate on
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the Hockey Fights dataset and a 90.9 percent accuracy rate on the Action Movies dataset,
respectively, on the Hockey Fights dataset, while on the Action Movies dataset, MoSIFT
significantly outperformed STIP, with an accuracy rate of 89.5 percent against 59.0 percent
for STIP, demonstrating poor transferability of handcrafted descriptors between different
visual settings.

In a later study, principles from fluid mechanics were used to describe motion in crowded
scenes by computing a significant derivative of dense optical flow, which was able to isolate
both local and temporal motion changes from convective and spatial motion changes [15].
Both of these types of motion were modeled as a Bag-of-Words, and the combination
of both as a single descriptor was classified using an SVM with Histogram Intersection
Kernel for the whole video classification and a Latent Dirichlet Allocation model for the
detection of the abnormal event times. The approach was designed to work on dense
crowds and was heavily reliant on the quality of the underlying optical flow estimate,
achieving good accuracy on a dataset of violent movies (96.89 percent accuracy) and strong
area-under-curve scores on prison riot and public panic recordings, though on a dataset of
crowd footage it achieved 85.43 percent accuracy on the Violence in Crowds benchmark.

In another study, motion was first segmented using optical flow, with a Local Histogram
of Oriented Gradient computed from RGB frames, followed by the combination of the
two descriptors with a further study of building up handcrafted descriptors [16]. The
two types of descriptors were encoded independently with the Bag-of-Words model; the
encoded words were fused at a late stage and trained by SVM with a Radial Basis Function
kernel. A hybrid appearance and motion method was more effective on Hockey Fight (95.1
percent), BEHAVE (100 percent), and Crowd Violence (94.31 percent), but optical flow
computation made it less suitable for real-time applications, and the fixed spatial block
grid was less effective when the scale of the subjects was suddenly changed in a scene.

Throughout this period, a pattern can be seen. On benchmarks with more limited domains
like hockey games and brief movie clips, handcrafted descriptors coupled with Bag-of-
Words encoding and SVM classification could get to high accuracy levels, but their success
depended heavily on hand-crafting features that aligned nicely with the visual aspects of
the data sets studied, thus favoring the use of learned features in later work.

2.1.2 Early Deep Learning Methods

The first step towards using deep learning for the problem of detecting violence involved
using automatically learned convolutional features instead of handcrafted motion descrip-
tors, but in many cases, motion information from optical flow or frame differencing was
still used as an input signal. An early instance of estimating dense optical flow was to
use the Farneback algorithm to estimate it, and then generate a Violent Flow descriptor
from the flow magnitudes and input this descriptor to a convolutional neural network
that learned discriminative patterns in its own convolution and pooling layers, but not
through a hand-designed histogram [I7]. On the Crowd, Hockey, and Movies data sets,
this CNN-based Violent Flow network achieved 96 percent, 98 percent, and 99 percent
accuracy, respectively, and the authors explained that simple handcrafted flow descriptors
were not enough for more complex violent behavior, which is why the learned CNN stage
is proposed.
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Later work has adopted frame differencing as a more common and lower-cost motion signal
than full optical low. Another work used a pre-trained VGG16 network with a ConvLLSTM
layer to extract spatial motion information at a lower computational cost by replacing
the optical flow input with the adjacent-frame difference between two frames [I8]. The
ConvLSTM layer, which had 256 filters and 3x3 kernels, learned temporal dependencies
across the sequence, followed by batch normalization and fully connected layers that finally
classified the sequence. This method achieved high accuracy on various tests, such as
92.4 percent on the RWF-2000 dataset [4], 99.1 percent on the Hockey Fights data set,
and 100 percent on Movies, although the authors admitted that frame differencing is
only approximate optical low and could be less effective at capturing fine motions in
low-contrast or slow-motion videos.

In a two-stream architecture, the frames were first suppressed in the background, and
then spatio-temporal associations were modeled by a pre-trained MobileNetV2 and a
Separable Convolutional LSTM (SepConvLSTM) [19] for extracting spatial features from
each stream of the background-suppressed frames. The features from the two streams were
combined using multiplication, concatenation or addition prior to the classification, and
the most effective combination achieved 89.75 percent accuracy for the RWF-2000 dataset
[4], 99.0 percent for the Hockey data set, and 100 percent for the Movies data set, with
significantly fewer parameters and floating-point operations than other similar models,
though the authors reported that the model still failed with ambiguous body movement
and partial occlusion.

Convolutions were replaced by depthwise separable and grouped convolutions that are
inspired by MobileNet [20] in lightweight architecture design, while adding 3-dimensional
convolutions for the temporal dynamics and 2-dimensional convolutions for the spatial
depth. Despite the reduced computational complexity, the authors reported 100 percent
accuracy on Movies, 94.71 percent on Hockey, 91.41 percent on Crowd Violence, and 81.98
percent on RWF-2000 [4], and the number of parameters was reduced to 0.35 million, and
the speed of inference on CPU exceeded 128 frames per second.

A similar 3-stage architecture was proposed with a time-distributed U-Net with a Mo-
bileNetV2 encoder for extracting spatial features per frame, followed by the LSTM to
capture motion over 30 consecutive frames, and dense layers for classification into a binary
class [21]. While it performed well at 96.1 percent accuracy on Hockey Fights and 99.5
percent on Movie Fights, on the more complex RWF-2000 [4] benchmark, it hit 82.0
percent accuracy, still struggling to match the accuracy of simpler datasets, and it was
unable to differentiate between various types of violent events due to its binary output.

In addition to fully labeled training data, Weak Supervision was explored to train the
person detector by providing examples of a full spatiotemporal action tube, summarized
as a Dynamic Image summarizing 16 frames of motion [22]. The temporal features
were extracted using a 3D-CNN, the spatial features using a 2D-CNN, followed by a
Channel Fusion and Attention Mechanism, and finally, the video-level classification using
Multiple Instance Learning, which requires only video-level labels instead of manually
drawn bounding boxes. The method performed well on Hockey Fight with 97.30 percent
accuracy, RLVS 92.88 percent, RWF-2000 [4] 88.71 percent, and achieved a 31.92 percent
localization error on the UCFCrime2Local data set but suffered from a loss of accuracy in
crowded scenes, when occlusion was present, and when the body position was unusual.
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2.1.3 Advanced Deep Learning Methods

More recent work has introduced attention mechanisms, efficient video-native architectures,
and specialized multi-branch designs to push violence detection performance further while
often also targeting real-time deployment. One such model, built around frame differencing
to emphasize motion, used a ResNet50 backbone for spatial feature extraction, a ConvLSTM
layer for temporal modeling, a Multi-Head Self-Attention module to highlight important
spatiotemporal regions, and a second ConvLLSTM to refine these attended features before
final classification [23]. This attention-augmented architecture reached an AUC of 97.48
percent on UCF-Crime [7] and 96.21 percent accuracy on RWF-2000 [4], outperforming
several prior state-of-the-art methods, though the authors noted that the model did not
use raw RGB appearance, audio, or explicit body-part detection, any of which might
further improve performance.

Efficiency-focused work also explored adapting video-native three-dimensional convolutional
networks originally trained for general action recognition. One study fine-tuned an X3D-M
model, originally pre-trained on the Kinetics-400 action recognition dataset, comparing a
fully fine-tuned version against a transfer-learned version that froze the base network and
trained only three dense layers on top [24]. Input clips were downsampled to sixteen frames
at 256 by 256 resolution, and the fully fine-tuned model reached around 99.5 percent
accuracy on Crowd Violence and 91 percent on RWF-2000 [4] with only about 2.98 million
parameters, remaining accurate even under heavy video compression, though the model
generalized poorly to crowd scenes it had not specifically been trained on, and sudden
ordinary movements such as running sometimes triggered false alarms.

A three-module design separated spatial motion extraction, short-term temporal modeling,
and long-term temporal modeling into distinct stages [25]. The first module removed
background using frame differencing and morphological operations, the second module
combined three consecutive frames into a single temporal image processed by MobileNetV2,
and the third module used global average pooling and dense layers to capture long-range
temporal patterns before classification. This staged approach reached 88.50 percent
accuracy on RWF-2000 [4], 89.29 percent on a newly introduced surveillance dataset
collected from CCTV cameras in Peru, 98.20 percent on Hockey, and 100 percent on
Movies, running at 30 frames per second, though its accuracy on complex or heavily
occluded scenes remained below that of larger transformer-based alternatives.

Reflecting a continued push toward practical deployment, one recent study built a complete
real-time system around MobileNetV3Small, training on both RWF-2000 [4] and the Real-
Life Violence Dataset with resizing, normalization, and augmentation, then deploying
the trained model through a web application with automated alerting [26]. The system
reached 95 percent accuracy, 88 percent precision, and a 92 percent F'l-score while
processing roughly 35 frames per second at about 80 milliseconds of latency per frame,
though the authors acknowledged that dataset bias limited generalization to all real-world
conditions and that false positives could still occur in crowded or visually complex scenes.
A separate practical framework combined a MobileNet-SSD person detector, a 3D-CNN
for spatiotemporal feature extraction over 50-frame sequences, and a SoftMax classifier,
reaching 92.5 percent accuracy on RWF-2000 [4] and 97.2 percent on Hockey Fight while
processing 72 frames per second, though the design currently relies on single-camera visual
data alone, without audio or multi-view input that might help under difficult lighting
conditions [27].
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A simpler CNN-LSTM baseline sampled twenty frames per clip, resized and normalized
them, extracted spatial features with a custom CNN, and modeled temporal dependence
with an LSTM before a sigmoid-activated dense layer produced the final classification [9].
This more conventional architecture reached 68 percent accuracy, 72 percent precision,
and 68 percent recall on RWF-2000 [4], a comparatively modest result that the authors
attributed partly to the fixed twenty-frame sequence length, which may fail to capture
longer violent events, and partly to sensitivity to extreme lighting change, heavy occlusion,
and low-resolution footage, leading them to suggest that attention mechanisms or variable-
length sequence modeling could improve results in future work.

2.1.4 ROI-Guided and Human-Focused Methods for Violence
Detection

Violence detection in surveillance videos primarily involves analyzing interactions and
movements between people. Therefore, focusing on the human subjects and their associated
motion can help reduce the influence of irrelevant background information and appearance
variations. In this context, human-focused approaches aim to extract information related
to the regions, poses, and movements that are most relevant to the violent activity. Pose
estimation represents the human body using keypoints or skeletal structures, while frame
differencing emphasizes regions of temporal change between consecutive frames. These
approaches can also be fused to combine complementary information from human pose
and motion, potentially providing a more informative representation for violence detection.

2.1.4.1 Pose estimation

In one recent study, the specific contribution of pose estimation toward violence detection
was explored by presenting two identical ConvLSTM models, one via RGB frames and
the other via MoveNet [12] pose-estimated skeletal frames from the RWF-2000 dataset
[4]. In all metrics measured, the pose-estimated model achieved better performance than
the RGB baseline, with a higher F1 score, precision, and specificity (14 percent higher),
and a higher recall (2 percent higher), showing a decrease in false positives and a general
improvement in the balance of precision and recall. The authors wrote that errors in pose
estimation (e.g., missing or inaccurate keypoints) may lead to misrepresentation of the
resulting motion and impact classification results, and that the method was best suited for
human-to-human violence, but was less effective when objects were part of the violence [§].

Transformer-based keypoint extraction has also been investigated for pose estimation
instead of convolutional pose models. Another work adopted a transformer architecture
called TokenPose to extract human keypoints and generate heatmaps of the keypoints, and
then input them into a 3D-CNN that learned the motion patterns of the frames for final
classification [28]. This transformer-based pipeline achieved an accuracy of 89.45 percent
on the RWF-2000 validation set, outperforming a standard ConvLSTM baseline; a C3D
model, and a 3D-CNN model using optical flow, with accuracies of 77.0 percent, 82.75
percent and 87.25 percent, respectively; while also achieving an accuracy of 92.7 percent on
the authors” own school violence set, although the authors noted that transformer-based
pose models can fail to reliably detect keypoints when multiple subjects overlap in a single
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frame.

2.1.4.2 Frame differencing

The UCF-Crime dataset [7] was used in a comparison, where 20 frames were sampled
regularly for the classic frame sampling approach, and 20 frames were computed as the
difference between two consecutive frames for the motion-based approach; both methods
were fed into the same ResNet50-LSTM classifier [6]. The frame difference approach
achieved a higher micro-average AUROC of 0.91 compared to the standard frame approach
with AUROC 0.89 and used approximately 2.9 per cent less training time and 4.2 per cent
less testing time, indicating that the frame difference approach is both more accurate and
potentially more practical for real-time use in this context. The authors noted that the
method is highly dependent on observable movement and it is not effective in situations of
subtle, slow or low movement violence, nor does it account for contextual information like
weapons or other objects.

2.1.4.3 Fusion of pose and motion information

A study [10] proposed a two-stream network with human skeletons extracted by pose
estimation and a change detection stream to achieve a trade-off of detection performance
and computational complexity by using ConvLSTM layers in the change detection stream.
With 62,583 trainable parameters, it achieved a maximum validation accuracy of 90.25
percent on RWF-2000 [4], which is quite a small model compared to most similar architec-
tures, but nevertheless was dependent on the accuracy of the pose extraction step, and
errors in keypoint extraction may be carried over to the final classification.

In this more elaborate fusion architecture, the authors extracted human pose using
YOLO-NAS pose estimation against a black background, and the motion information
was extracted by frame differencing, which was processed by ConvLSTM respectively
and then fused by weighted sum with ReLU and Tanh activation functions and then
classified by FC layers [11]. This dual-stream fusion achieved an accuracy of 95.05 percent
on RWF-2000 [4], and performed competitively on other benchmarks, such as Hockey
(98.50 percent), Movie (99.50 percent), Crowd (95.40 percent), RLVS (96.80 percent), and
SCFD (91.33 percent), with an average F1-score of 96.12 percent and an inference time
of approximately 0.33 seconds per clip. The authors stated that the method did not use
any RGB appearance information, which can make it difficult to identify truly violent
actions from similar-looking but non-violent actions like rough play, and that it had been
primarily tested on the RWF-2000 dataset [4], and not a wider range of other datasets.

Finally, a method was proposed that fused pose estimation with a thin RGB stream,
but did not eliminate the appearance information. This approach involves pre-training
a lightweight 2D CNN for the primary classification of violence using human skeleton
keypoints extracted by YOLO-Pose, and then a Weight Selection Module added the
keypoints’ confidence scores from the skeleton with the RGB features, followed by a
Keyframe Weight Assignment module to highlight the most informative frames before
making the final prediction [29]. It achieved a Hockey Fights accuracy of 97.95 percent
and a RWF-2000 [4] accuracy of 93.28 percent at 33 frames per second with a 40 percent
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clip length, with accuracy dropping slightly as clip length increased, but the authors stated
that when the number of keypoints detected was below 9, due to occlusion or part of the
person being outside the frame, the network resorted to using RGB features alone, which
reduced accuracy.

Overall, prior studies demonstrate a progression from handcrafted features and classical
classifiers to deep learning, attention-based architectures, and human-focused motion and
pose-based methods. Despite the strong performance of recent approaches, challenges
remain due to background interference, pose estimation errors, limited observable motion,
and computational complexity. These limitations motivate further investigation into
effective combinations of motion and pose information for robust violence detection in
real-world surveillance videos.

2.2 Challenges Faced

Real-world surveillance footage differs substantially from the curated benchmarks that
came before it in this field, and that difference is a recurring theme across the studies
reviewed above. Lighting, camera angle, resolution, and the subject’s distance from the
camera all vary widely from one deployment to another, and a model trained under one
set of these conditions frequently loses accuracy when tested under another. This transfer
problem shows up as early as the handcrafted-feature era, where STIP and MoSIFT
descriptors that reached over 90 percent accuracy on Hockey Fight fell to 59 to 89 percent
on the more visually varied Movies dataset [14], and it persists into the deep learning
era, where several of the pose- and motion-based methods reviewed above report clear
performance drops on crowded or heavily occluded footage relative to their results on
cleaner benchmarks [25] [10] [28] [29].

Motion-based preprocessing is only as informative as the movement it can detect. Optical
flow and frame differencing both depend on visible displacement between frames, so they
tend to under-represent violent behavior that is subtle, slow, or largely static, such as a
stand-off that has not yet escalated into physical contact. Pose-based preprocessing carries
a related but distinct weakness: it depends on the pose estimator correctly locating each
person’s joints, and that estimation degrades when people are occluded, overlap with one
another, or fall partly outside the camera frame, conditions that are common rather than
rare in genuine CCTV footage. Several of the studies reviewed in Section 2.1.4 report
exactly this failure mode, with keypoint errors under occlusion or crowding propagating
directly into misclassification [§] [10] [29].

A further challenge concerns what is lost when RGB appearance is removed in favor of
motion or pose alone. More than one study notes that appearance carries information
neither motion nor pose fully replaces, since a rough but non-violent physical activity,
playful shoving between friends, contact sport, can produce a motion or pose signature
close to that of an actual fight, and without visual context to distinguish the two, a
model built purely on motion or skeletal structure has less to work with. The authors of
the weighted pose-and-motion fusion method make this point directly, noting that the
absence of RGB appearance made it difficult to separate genuinely violent actions from
visually similar but non-violent ones [IT]. This tension runs through most of the pose- and
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motion-based literature and is a factor this study has to weigh directly, since every method
it proposes or compares, MoveNet on Frame Difference included, works from motion and
pose signals rather than raw appearance.

Finally, accuracy and computational cost continue to pull against each other. Architectures
accurate enough to handle difficult real-world footage, deeper backbones, multi-stream
fusion, attention modules, are frequently too heavy for real-time deployment on the kind
of hardware a surveillance system would actually run on, while the lighter architectures
built for real-time use tend to give up some accuracy on harder benchmarks such as
RWF-2000. This trade-off is visible across nearly every study surveyed in Section 2.1,
from the parameter counts reported alongside accuracy figures to the explicit design goals
stated by the authors of the more lightweight architectures [20] [25] [26] [27].

2.3 Scope of Study

This study does not retrain a raw-RGB baseline on RWF-2000. Two prior studies already
cover that ground. Bhuiyan et al. [§] compared a background-suppressed MoveNet pose
model against a raw RGB baseline on RWF-2000 and found the pose model ahead on every
metric measured, including a 14-point gain in specificity. Sani et al. [6] compared frame-
differenced input against standard RGB frame sampling under a shared ResNet50-LSTM
architecture and found frame differencing ahead on AUROC, though that comparison
was run on UCF-Crime [7] rather than RWF-2000 [4]. Taken together, these two studies
establish that a background-suppressed pose signal and a frame-differenced motion signal
each individually outperform raw RGB, which is the premise this study starts from rather
than re-tests.

What neither of those studies, nor any other work reviewed in Section 2.1.4, tests directly
is what happens when the two signals are combined, and specifically whether the order
in which they are combined matters. This is the gap this study is built to fill. It
proposes MoveNet on Frame Difference, a preprocessing method that applies MoveNet
pose estimation [12] to already motion-differenced video, on the reasoning that differencing
first concentrates the pose estimator’s attention on the regions of the frame where movement
is actually occurring, rather than asking it to locate people against a full, unfiltered scene.

To evaluate this proposal, the study compares MoveNet on Frame Difference against four
other preprocessing methods under one fixed EfficientNet-B0 + LSTM classifier [13] [5], so
that any difference in outcome can be attributed to the preprocessing rather than to the
model. Frame Difference and MoveNet Without Background serve as the two single-signal
comparison methods already shown elsewhere to beat raw RGB, MoveNet with the original
background retained serves as a check on whether background removal is actually necessary
or whether the skeleton alone is doing the work, and Frame Difference on MoveNet, the
same two operations applied in reverse order, serves as the study’s ablation: since it uses
exactly the same two ingredients as MoveNet on Frame Difference and differs only in which
operation runs first, any gap between the two variants isolates the effect of processing
order specifically, separate from the effect of using motion and pose information at all.
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Chapter-3: Dataset

3.1 The RWF-2000 Dataset

Cheng et al. proposed a large-scale benchmark for violence detection, the RWF-2000
(Real-World Fighting) dataset [4], which was specially designed for the task of violence
detection in real-world surveillance scenarios. The dataset was designed to overcome
several limitations of previous benchmarks, which often were plagued by one or more of
the following issues: low image quality, limited number of clips, very long video clips, and
source videos that were not representative of violence captured by surveillance cameras.
In order to address all these problems at once, RWF-2000 [4] was put together.

(a)

Figure 3.1: Sample Frames from the RWF-2000 Dataset.The Frames Show (a) a Frame
from Fight Video, and (b) a Frame from Non-Fight Video.

3.2 Data Collection and Composition

The entire 2,000 clips in the dataset were obtained from the video-sharing site YouTube
by using the keywords related to violence in various languages, such as English, Chinese,
German, French, Japanese, and Russian. The multilingual approach was intentionally
implemented to promote geographic and cultural diversity and to avoid skewing the
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collection based on footage from one particular area. The downloaded videos were checked
for any unwanted content, and then each video was divided into defined 5-second clips at
30 FPS [4]. Clips that were infeasible and/or not from a legitimate source camera were
removed in a subsequent manual review. All other clips were labeled at the video level as
Violent or Non-Violent.

There are actually 2,000 such clips in the dataset, of which 1000 are Violent, and 1000 are
Non-Violent [4].

@ Violent Non-Violent

Violent
50%

Non-Violent

Figure 3.2: Class Distribution of the RWF-2000 Dataset.

All clips are authentic from surveillance cameras and not altered by post-processing. No
restriction was placed on the type of violence; any subjectively identified violence, including
fighting, robbery, explosion, shooting, or assault, was eligible for the selection criteria.
This resulted in a range of violent incidents from personalised physical altercations to
larger-scale disturbances of crowds, from indoor to outdoor environments and in a variety
of lighting.

The clips cover a wide spectrum of video resolutions, including significant numbers in 240p,
360p, 720p, and 1080p, and the diversity of camera hardware used in real surveillance
deployments [4]. Consistently, the balance between Violent and Non-Violent clips is
maintained across all resolution levels, with no significant clustering of clips at any single
level. The wide range of resolutions and light levels, coupled with the variety of types
of scenes, make RWF-2000 [4] suitable for training and evaluating models for realistic
deployment, not controlled laboratory conditions.

3.3 Dataset Partitioning and Leakage Prevention

About 1,000 separate surveillance video recordings were used to produce 2,000 clips [4].
Since several clips may be based on the same source video, the authors have taken special
care to prevent data leakage from one partition to another. An automated script was used
to place the clips in the partitions while ensuring that no two clips from the same source
video were placed on either side of the training and test clips. To further validate, a color
histogram was first computed for each clip, and pairwise cosine similarity was computed
for the clips in the same partition. The top 30 percent of pairs in similarity score were
examined manually to ensure that no near duplicate clips were split across partitions.
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Following these procedures, the dataset was split into a training set of 1,600 clips (80
percent) and a test set of 400 clips (20 percent), while keeping the same class distribution
for each set [4].

3.4 Comparison with Prior Datasets

When it was released, RWF-2000 [4] was the largest publicly available dataset of surveillance
videos that were specifically gathered for the purpose of violence detection. Previous
benchmarks like Hockey Fight, Movies Fight, and Crowd Violence were limited in scope,
limited to scenes, or non-surveillance sources such as sports broadcasts or edited films.
The UCF-Crime dataset [7] was significantly larger, but consisted of real surveillance data
with videos of up to 10 minutes and only video-level annotations, making the task of
fine-grained detection challenging. RWF-2000 [4] overcomes these problems by providing
2,000 video-level, clearly annotated five-second video clips from real footage.

Table presents the comparison of RWF-2000 with previously established violence
detection datasets, reproduced from Cheng et al. [4].

Table 3.1: Comparison of violence detection datasets

Dataset Data Scale Length/Clip Resolution Annotation Scenario
(sec)

BEHAVE |[30] 4 videos (171 clips) 0.24-61.92 640 x 480 Frame- Acted
Level Fights

RE-DID [31] 30 videos 20-240 1280 x 720 Frame- Natural
Level

VSD [32] 18 movies (1,317 clips)  55.3-829.4 Variable Frame- Movie
Level

CCTV-Fights [33] 1,000 clips 5-720 Variable Frame- Natural
Level

HockeyFight [34] 1,000 clips 1.6-1.96 360 x 288 Video- Hockey
Level Games

MoviesFight 200 clips 1.6-2 720 x 480 Video- Movie
Level

CrowdViolence [35] 246 clips 1.04-6.52 Variable Video- Natural
Level

SBU Kinect Interaction [36] 264 clips 0.67-3 640 x 480 Video- Acted
Level Fights

UCF-Crime [7] 1,900 clips 60-600 Variable Video- Surveillance
Level

RWF-2000 [4] 2,000 clips 5 Variable Video- Surveillance
Level

The comparison in Table shows that the datasets used for violence detection differ
substantially in scale, video duration, annotation type, and recording conditions. In contrast
to datasets collected from acted scenes, movies, or specific sports environments, RWF-2000
provides a consistent surveillance-based setting with video-level annotations. This makes it
suitable for evaluating preprocessing techniques under a common experimental framework.
Therefore, RWF-2000 was selected as the primary dataset for the experiments conducted
in this study.
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3.5 Dataset Split Used in This Study

In this thesis, a partitioning scheme different from the two-way split used in the benchmark
paper is used. The original release partitions the dataset into 80% data used for training
and 20% for testing, but this study proposes a three-way partitioning, allowing for correct
validation while training the model.

The test partition was fixed to the 400-clip benchmark paper and was not modified at all,
and was completely withheld from all training and tuning operations. The rest of the clips
(800) were split again into an 80:20 ratio, resulting in a training set and a validation set.
In the complete 2,000-clip dataset, this gives the following distribution:

1. Training set: 64 percent of the total dataset (1,280 clips), used to optimize model
parameters through backpropagation.

2. Validation set: 16 percent of the total dataset (320 clips), used to monitor training
progress, detect overfitting, and guide any hyperparameter adjustments during the training
process.

3.Test set: 20 percent of the total dataset (400 clips), held out completely and used only
once for the final evaluation of the trained model.

RWEF-2000
2,000 clips

Figure 3.3: Dataset Partitioning Used in This Study.

This 3-way split makes it possible to separate the data the model learns from the data to
guide training decisions, and the data on which the final result is reported. The figures
displayed for the test set in Chapter 5 are thus based on footage that is not part of the
model’s direct or indirect experience from any previous point.

In summary, RWF-2000 provides a diverse and challenging benchmark for evaluating
violence detection under realistic surveillance conditions. Its balanced class distribution,
fixed five-second clips, varied environments, and surveillance-based footage make it well
suited to the objectives of this study. The dataset was further divided into training,
validation, and test sets while keeping the original benchmark test set completely isolated
from model development. This partitioning ensures that model training and tuning are
conducted independently of the final evaluation data, thereby reducing the risk of data
leakage and providing a reliable basis for comparing the different motion- and pose-based
preprocessing approaches investigated in this thesis.
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Chapter-4: Methodology

4.1 Overview

The methodology of this study is organized around a single controlling question: does the
choice of preprocessing applied to surveillance video before classification change how well
violence can be detected, and if two preprocessing operations are combined, does the order
in which they are applied matter? To answer this cleanly, every experiment in the study
shares the same classifier architecture, the same training configuration, the same dataset,
and the same evaluation protocol. The only thing that changes between experiments is
the form of the video fed into the model.

The pipeline proceeds in two stages. In the first stage, the raw video clips from the
RWF-2000 dataset [4] are transformed into one of two preprocessed representations.
The proposed method applies frame differencing first, producing a video in which static
background regions become dark and only regions of inter-frame pixel change remain
visible, and then applies MoveNet [12] pose estimation to each of those motion-residual
frames, annotating 17 human skeletal keypoints per detected person. This is referred
to throughout as MoveNet on Frame Difference. The ablation comparison reverses the
order: MoveNet [12] is applied first to the original RGB frames, and frame differencing
is then computed on the resulting skeleton-annotated sequence. This is referred to as
Frame Difference on MoveNet [12]. Both preprocessing pipelines feed into an identical
classification model.

In the second stage, the preprocessed video is classified by a fixed EfficientNet-BO0 [13] and
LSTM [5] architecture. EfficientNet-B0 [I3] acts as the spatial feature extractor, mapping
each sampled frame to a compact feature vector. An LSTM network [5] reads the sequence
of those feature vectors across time and produces a single video-level representation. A
linear classification layer then maps that representation to a binary prediction: Fight or
NonFight. Figure 1 illustrates the complete pipeline of proposed method from raw input
through preprocessing and classification to output.

The experiment also includes three additional preprocessing variants for the purposes of
broader comparison: raw frame difference, MoveNet skeleton overlay on original RGB
frames , and MoveNet skeleton without background. These five conditions, together with
the raw video baseline taken from Bhuiyan et al. [8], form the full set of results reported
in Chapter 5.
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4.2 Preprocessing

Two preprocessing operations are at the core of this study: frame differencing and MoveNet
pose estimation[12]. This section describes each operation independently before explaining
how they are combined.

4.2.1 Frame Difference

Frame differencing is a technique for isolating motion in a video by removing the parts of
the image that did not change between consecutive frames. All frames first extracted from
each video. Then, the absolute difference between two consecutive frames is calculated to
get the frame difference.

AF, = |F, — Fi_4| (4.1)

where F(t) is the current frame and F(t-1) is the previous frame [6]. Pixels where the
scene was static produce difference values close to zero and appear dark in the output.
Pixels where something moved produce larger values and appear bright. Applied to a
surveillance clip, this operation suppresses fixed background elements such as walls, floors,
parked vehicles, and static objects. What remains visible in the output is primarily the
region occupied by moving bodies. In a violent clip, those moving bodies are the people
involved in the altercation. In a non-violent clip with little physical activity, the difference
images are sparse and predominantly dark throughout the clip. The downstream classifier
therefore receives a representation in which the spatial distribution of motion is the primary
signal rather than the appearance of the full scene. The first preprocessing variant used
in this study applies this operation to the original RGB video and uses the resulting
motion-residual video directly as the classifier input.

4.2.2 MoveNet

MoveNet is a pose estimation model developed by Google and made available through
TensorFlow Hub [12]. The multipose Lightning variant was used in this study because it
supports detection of multiple people within a single frame, which is necessary for violence
scenarios that involve two or more individuals. MoveNet [12] is a bottom-up estimator:
rather than detecting each person first and then estimating their joints, it predicts all
keypoints across the full image and groups them into individual person instances afterward.
Its architecture consists of a feature extractor based on a modified MobileNet backbone
and prediction heads whose design is inspired by the CenterNet object detection framework
[12].

For each detected person in each frame, MoveNet predicts 17 body keypoints: nose, left
and right eye, left and right ear, left and right shoulder, left and right elbow, left and
right wrist, left and right hip, left and right knee, and left and right ankle. Each keypoint
is returned as a normalized (y, x, confidence) triplet [12]. Skeletal connections between
adjacent keypoints are then drawn using a predefined set of 18 limb pairs, producing a
stick-figure representation of the person’s posture[12].
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For the MoveNet variant, these skeletal representation are drawn on top of the original
RGB frame, preserving the background scene. For the MoveNet Without Background
variant, the original frame is replaced with a black canvas, so the output contains only the
skeleton representation against a dark background.

4.2.3 Proposed Method: MoveNet on Frame Difference

The proposed preprocessing pipeline combines the two operations above in a specific order:
frame differencing is applied first, and MoveNet pose estimation [12] is applied second.
The frame difference videos produced by Equation 1 serve as the direct input to MoveNet.
Rather than estimating human pose from the raw RGB surveillance videos, MoveNet [12]
receives a motion-aware video in which the static background has already been removed.
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Figure 4.1: Proposed Method Overview

The design reasoning behind this ordering is as follows. When MoveNet [12] processes a
full RGB surveillance video, it must locate body parts against a background that may
contain texturally complex or visually busy elements: patterned floor tiles, parked vehicles,
signage, or groups of bystanders. Frame differencing removes most of this complexity
before pose estimation runs. The regions of the viseo that remain bright after differencing
correspond to where bodies were moving, and MoveNet’s task is therefore focused on those
regions from the outset. The resulting output is a video in which the skeleton is drawn on a

Figure 4.2: Sample Output Frame from MoveNet on Frame Difference Preprocessing
motion-residual background rather than the original scene, combining the motion-isolation

property of frame differencing with the structural body-geometry information provided by
skeletal keypoint annotation.
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4.2.4 Ablation: Frame Difference on MoveNet

To test whether the ordering of these two operations matters, an ablation condition reverses
the sequence. MoveNet [12] is applied first to the original RGB frames, producing skeleton-
annotated video in which the full background remains visible. Frame differencing is then
applied to this annotated sequence, computing the absolute difference between consecutive
skeletal representative frames. The output captures where the skeletal representations
moved between frames rather than where the original pixels changed.
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Figure 4.3: Ablation Method Overview

This reversed order has a known structural weakness that the ablation is designed to
confirm quantitatively. MoveNet’s [12] keypoint predictions are not perfectly stable frame
to frame: even for a person standing still, individual joint detections shift slightly between
frames due to the stochastic nature of neural network inference on slightly different pixel
inputs. When frame differencing is applied to the resulting skeleton video, these small

Figure 4.4: Sample Output Frame from Frame Difference on MoveNet Preprocessing

fluctuations appear as nonzero values in the output even in the absence of actual body
movement. The difference signal therefore contains a mixture of genuine limb motion and
detection noise, and the classifier must separate them. Whether this degradation is severe
enough to meaningfully hurt performance relative to the proposed ordering is an empirical
question that the ablation addresses directly.
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4.3 Classification Model

For the video classification stage, an EfficientNet-BO + LSTM [13] [5] architecture was
selected. EfficientNet-B0 [13] was used to extract spatial features from individual video
frames, while a Long Short-Term Memory (LSTM) network [5] was used to model the
temporal relationships between consecutive frames. This architecture handles the spa-
tiotemporal nature of video classification by processing spatial and temporal information
at separate, dedicated stages rather than jointly through a single volumetric operation,
which reduces computational demand while preserving the model’s ability to reason across
time.

4.3.1 Frame Sampling

Each video in the dataset [4] contains 150 frames. Feeding all 150 frames through the
classifier would be computationally expensive and would include a great deal of redundant
information, since consecutive frames in a 30fps video are highly similar. Instead, 16
frames are sampled uniformly from each clip by dividing the clip into 16 equal intervals and
selecting one frame from each interval. This gives a compact but temporally distributed
representation of the clip’s content. For videos shorter than 16 frames, the last valid frame
is repeated until the sequence reaches the required length.

Each sampled frame is resized to 224x224 pixels to match EfficientNet-B0’s[13] expected
input resolution, converted from BGR to RGB channel ordering, and normalized to the
range [0, 1] by dividing pixel values by 255.

4.3.2 EfficientNet-B0: Spatial Feature Extraction

Each of the sixteen sampled frames was passed independently through EfficientNet-B0 [13],
a convolutional neural network pretrained on the ImageNet dataset [37]. EfficientNet-B0
[19] was selected because it provides strong spatial feature extraction at a relatively low
parameter count. The network’s original classification head was replaced with an identity
mapping so that the backbone outputs a 1,280-dimensional feature vector per frame rather
than a probability distribution over 1,000 ImageNet [37] classes. No convolutional layers
were frozen during training; all backbone parameters were updated through backprop-
agation together with the LSTM weights and the classification head. This allows the
pretrained filters to adapt to the visual characteristics of each preprocessed variant rather
than remaining fixed to general natural-image features.

The backbone processes each frame independently, without access to adjacent frames.
Temporal information is not captured at this stage. The output is a sequence of sixteen
feature vectors, each of dimension 1,280, which together encode the spatial content of
the sixteen sampled time points. This sequence is passed to the LSTM [5] for temporal
modeling.
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Figure 4.5: EfficientNetBO Achitecture Diagram

4.3.3 LSTM: Temporal Aggregation

The sequence of sixteen 1,280-dimensional feature vectors is fed into a single-layer Long
Short-Term Memory [5] network with 128 hidden units. The LSTM is configured with
batch-first=True so that the input tensor has dimensions (batch size, 16, 1,280). The
network processes one feature vector per time step, updating its internal cell state and
hidden state at each step according to the standard LSTM gating equations. The hidden
state at the final time step, after the network has processed all sixteen vectors, is retained
as the video-level representation. Intermediate hidden states from earlier time steps are

discarded. Figure [38] shows the Long Short-Term Memory Diagram.
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This design allows the LSTM [5] to accumulate contextual information across the full
sampled temporal sequence before producing the summary that drives classification. Unlike
average pooling or maximum pooling over the feature sequence, the LSTM’s recurrent
connections allow later time steps to be interpreted in light of what was seen at earlier
steps, which is relevant for violence detection because a violent event often builds over
time rather than appearing instantaneously in a single frame.

4.3.4 Classification Head

The 128-dimensional final hidden state from the LSTM [5] is passed to a fully connected
linear layer with two output units. These two units correspond to the NonFight and
Fight classes respectively. No activation function is applied at this stage within the model;
the two raw logits are passed directly to the cross-entropy loss function during training.
At inference time, a softmax function is applied externally to convert the logit pair to
a probability distribution over the two classes. The class with the higher probability is
taken as the model’s prediction. The Fight class probability is also separately retained for
each test clip and used to compute Receiver Operating Characteristic curves as described
in Section 4.5.

4.4 Training Configuration

All five preprocessing variants were trained using an identical configuration. The Adam
[39] optimizer was used with a fixed learning rate of 0.0001 and no learning rate schedule
or decay. Cross-entropy loss served as the training objective throughout all 100 training
epochs. The batch size was set to 2, a value determined by GPU memory capacity:
processing a batch of videos, each represented as a sequence of sixteen 224 x224 frames
through EfficientNet-B0 [13], places a substantial memory demand on the device, and a
batch size of 2 was the largest that could be accommodated without memory errors.

Table 4.1: Hyperparameters and training settings applied identically to all five preprocessing
variants.

Hyperparameter Value

Frame Sampled per Video 16

Input Frame Resolution 224 x 224

Batch Size 2

Number of Training Epochs 100

Optimizer Adam [39]

Learning Rate 0.0001

LSTM Hidden Units 128

Loss Function Cross-
Entropy

At the end of every training epoch, the model was evaluated on the validation set. The
epoch that produced the lowest validation loss was identified, and the corresponding model
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checkpoint was saved to disk. Final evaluation on the test set used this saved checkpoint
rather than the weights from the last training epoch. This selection criterion guards
against the scenario where a model achieves its best generalization at an intermediate
epoch and then overfits during subsequent training, which would make last-epoch evaluation
misleading. Table 4.1 summarizes the complete training configuration applied uniformly
across all five variants.

4.5 Evaluation

Test set performance was measured using five standard binary classification metrics.
Throughout, the Fight class is treated as the positive class. True positives (TP) are
Fight clips correctly predicted as Fight; false positives (FP) are NonFight clips incorrectly
predicted as Fight; true negatives (TN) are NonFight clips correctly predicted as NonFight;
false negatives (FN) are Fight clips incorrectly predicted as NonFight.

Accuracy is the proportion of all 400 test clips classified correctly:

TP+TN
TP+TN+ FP+FN

Accuracy = (4.2)

Precision reports what fraction of clips predicted as Fight were genuinely violent, penalizing
false alarms:

TP
Precision = m—FP (43)

Recall measures what fraction of all actual Fight clips the model identified correctly,
penalizing missed detections:

TP
Recall = m—m (44)

The F1-score is the harmonic mean of precision and recall. It provides a single summary
metric that balances both concerns and is particularly informative when the consequences
of false positives and false negatives are not identical:

Precision x Recall
F=2 4.5
! % Precision + Recall (4.5)

A confusion matrix was recorded for each of the five variants, reporting the raw TP, FP,
TN, and FN counts. These matrices allow a finer-grained reading of model behaviour than
accuracy alone: they reveal whether a model’s errors were concentrated in one direction,
systematically missing violent clips, or systematically flagging non-violent clips as violent
or distributed more evenly. This distinction matters for real-world deployment, where the
costs of a missed violent event and a false alarm are typically asymmetric.

The Fight class probability produced by the softmax output was retained for every test
clip and used to compute Receiver Operating Characteristic curves. The area under each
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ROC curve (AUC) quantifies a model’s ability to rank violent clips above non-violent ones
across all possible decision thresholds, without committing to a specific operating point.
It is calculated as follows:

1
AUC = / TPR(FPR) d(FPR)
0

where TPR denotes the True Positive Rate and FPR denotes the False Positive Rate.

Training and validation loss and accuracy were recorded at each epoch for all five variants
to allow examination of convergence behavior and to identify any overfitting patterns that
were specific to a particular preprocessing condition.

Taken together, the proposed MoveNet-on-Frame-Difference approach is the central focus
of the experimental methodology presented in this chapter. By applying frame differencing
before pose estimation, the method aims to emphasize motion-related information while
reducing the influence of static background content during pose extraction. Its effectiveness
was examined alongside four other preprocessing variants and a reversed-order ablation
using the same EfficientNet-BO and LSTM classifier, training configuration, dataset
partitioning, and evaluation protocol. This controlled setup allows the impact of the
preprocessing strategy and the order of operations to be evaluated independently. Model
performance was assessed on the held-out test set using accuracy, precision, recall, F1-score,
confusion matrices, and AUC. The results of these experiments are presented and compared
in the following chapter.
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Chapter-5: Results and Analysis

5.1 Overview

This chapter reports the test-set performance of the EfficientNet-BO + LSTM [I3] [5]
classifier trained on each of the five preprocessed input representations derived from the
RWF-2000 dataset [4], along with the raw video baseline taken from Bhuiyan et al. [§].
All results are measured on the same held-out test partition of 400 clips (200 Fight, 200
NonFight), using the best-performing model checkpoint selected by minimum validation
loss during training. Five metrics are reported throughout: accuracy, precision, recall,
F1-score, and AUC. The chapter is organized into three sections. Section 5.2 presents the
main comparative results across all five preprocessing variants and the external baseline.
Section 5.3 presents the ablation study comparing the two sequential combination orderings.
Section 5.4 summarizes the key findings.

5.2 Main Results: Preprocessing Variants Compared

Table 5.1 reports test-set performance for the preprocessing variants and the external raw
video baseline. The variants are listed in ascending order of accuracy, from the weakest to
the best-performing configuration.

Table 5.1: Comparative Results Across Preprocessing Methods

Variant Accuracy Precision Recall F1-Score AUC
Raw Video [§] 68.50% 65.81% 77.0% 0.7090 -

MoveNet 72.50% 68.44% 83.5% 0.7523 0.7846
Frame Difference 76.50% 80.81% 69.5% 0.7473 0.8619
MoveNet W /o Background 78.00% 80.77% 73.5% 0.7696 0.8285

MoveNet on Frame Difference 81.50% 77.63% 88.5% 0.8271 0.8661

The proposed method, MoveNet on Frame Difference, achieves the highest performance
across accuracy (81.50%), recall (88.5%), Fl-score (0.8271), and AUC (0.8661). It is the
only variant to exceed 80 percent accuracy on the test set.

The accuracy comparison in Figure 10 presents the classification performance obtained
using the preprocessing methods. The accuracy values vary across the different approaches,
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Figure 5.1: Performance comparison of different preprocessing variants on the RWF-2000
dataset.

ranging from 72.50% to 81.50%. Frame Difference achieved an accuracy of 76.50%, while
MoveNet and MoveNet Without Background obtained 72.50% and 78.00%, respectively.
The combination of MoveNet on Frame Difference resulted in 81.50%, whereas Frame
Difference on MoveNet achieved 74.00%. These results show the differences in classification
accuracy across the preprocessing configurations.

5.2.1 Raw Video Baseline

The raw video baseline, taken from Bhuiyan et al. [§] who used the same dataset with
a ResNetb0V2 + LSTM classifier on unprocessed RGB footage, achieved 68.50 percent
accuracy with a precision of 65.81 percent, recall of 77.0 percent, and F1-score of 0.7090.
AUC is not available for this condition as it was not reported in the source study. This
baseline sets the lower bound for comparison: every preprocessing variant tested in this
study outperforms it on accuracy.

The relatively high recall (77.0%) against the low precision (65.81%) in the baseline
condition indicates that the raw RGB classifier was biased toward predicting Fight. It
caught a reasonable proportion of actual violent clips but also flagged a large number of
non-violent ones as violent. This pattern is consistent with a model that has not learned
to reliably distinguish violent from non-violent motion patterns, and instead leans toward
the positive class under uncertainty.
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5.2.2 MoveNet

The MoveNet variant, which overlays skeletal annotations on the original RGB frames,
achieved 72.50 percent accuracy. Among the five variants, it produced the second highest
recall (83.5%), meaning it was the second most sensitive detector of genuinely violent clips
after MoveNet on Frame Difference. However, its precision was the second lowest of any
variant (68.44%), and its AUC was also the lowest (0.7846). The combination of high
recall and low precision reflects the same false-alarm tendency seen in the raw baseline,
but more pronounced: the model correctly identified the majority of violent clips but also
flagged non-violent clips as violent at a high rate.
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Figure 5.2: Confusion matrix and ROC curve for the MoveNet variant.

One likely explanation is that skeletal annotations drawn over a busy background scene
still leave the classifier with substantial irrelevant visual information to process. Crowd
scenes, complex environments, and non-violent physical activity such as people running
or gesturing can produce skeleton configurations that superficially resemble aggressive
postures when the background context is still present. Despite higher accuracy than the
raw video baseline by four percentage points, MoveNet [I2] on raw RGB is the weakest of
the five variants this study evaluated.

5.2.3 Frame Difference

The Frame Difference variant achieved 76.50 percent accuracy. It’s precision was 80.81
percent, the highest of any variant, indicating that when the frame-difference model
predicted Fight, it was correct more than four times in five. However, its recall was the
lowest of all variants at 69.5 percent, meaning it missed nearly one in three genuinely
violent clips.

This precision-recall profile is the inverse of the MoveNet [12] pattern. Frame differencing
produces a representation in which static background content is suppressed and only motion-
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Figure 5.3: Confusion matrix and ROC curve for the Frame Difference variant.

active regions remain, but it carries no information about the structural configuration
of the human body. A slow or subtle violent interaction, one where the object move
gradually rather than rapidly, produces a sparse frame-difference signal that looks similar
to non-violent low-motion footage. The classifier therefore tends toward caution: when
it does predict Fight, it is usually right, but it misses a meaningful fraction of actual
fights. The AUC of 0.8619 is the second highest of all variants, suggesting that the
model’s underlying ranking of clips by violence probability is fairly good even when the
threshold-based recall is low.

5.2.4 MoveNet without Background

Removing the background before rendering skeletal annotations improved performance
over the MoveNet-with-background variant by 5.5 percentage points in accuracy (78.00%
vs 72.50%). Precision rose from 68.44 to 80.77 percent and AUC improved from 0.7846
to 0.8285. Recall, however, fell from 83.5 to 73.5 percent. This trade-off indicates that
eliminating the scene-level background reduced false alarms substantially: the model was
less likely to misclassify a non-violent clip as violent when the background was absent.
The cost was a reduction in sensitivity, with more actual violent clips going undetected
relative to the MoveNet [12] variant.

This result supports the interpretation that background scene content in the MoveNet-with-
background variant was introducing misleading visual information. When the classifier
received full-color frames annotated with skeletons, it could associate incidental background
features; crowd density, low lighting, specific location types - with the Fight class rather
than learning from body-posture geometry alone. Removing the background forced the
model to rely on the skeleton representation exclusively, which reduced both false positives
and true positives relative to the condition where background context was available.
MoveNet Without Background achieved the second highest accuracy of any variant and
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Figure 5.4: Confusion matrix and ROC curve for the MoveNet without Background variant.

its F1-score of 0.7696 also ranked second overall.

5.2.5 MoveNet on Frame Difference

The proposed method, MoveNet on Frame Difference, outperformed all other variants
on accuracy, recall, Fl-score, and AUC. At 81.50 percent accuracy, it represents a 13-
percentage-point improvement over the raw video baseline, a nine-point improvement
over the MoveNet variant, a five-point improvement over Frame Difference alone, and a
3.5-point improvement over MoveNet Without Background.

Confusion Matrix ROC Curve

RWF-2000_MoveNet_ON_Frame Difference RWF-2000_MoveNet_ON_Frame_Difference
1.0
160
) 0.8
2 140 .81
£ 51
4
120 8
©
3 & 0.6
3 2
= | &
E 100 %
j* a
< © 0.4
-s0 2
5 23 0 o2l
[+ e —— AUC = 0.8661
0.0 ~ = Random Guess
NonFight Fight 0.0 02 0.4 06 08 10
Predicted Label False Positive Rate

Figure 5.5: Confusion matrix and ROC curve for the MoveNet on Frame Difference variant.
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The recall of 88.5 percent is the highest of any variant. Out of 200 genuine Fight clips in
the test set, the model correctly identified 177. Only 23 violent clips were missed. This is
the most operationally important metric in a surveillance context, where failing to detect
a real violent event carries greater consequence than raising a false alarm.

The precision of 77.63 percent, while not the highest of any individual variant (both Frame
Difference and MoveNet Without Background achieved approximately 80.8 percent), is
notably higher than the raw video baseline and the MoveNet variant.

The F1l-score of 0.8271 is the highest of any condition, indicating that the improvement in
recall was not achieved by simply shifting the decision boundary to predict Fight more
aggressively at the cost of precision. The AUC of 0.8661 is also the highest, meaning
the model’s underlying probability scores rank violent clips above non-violent ones more
reliably than any other variant across the full range of decision thresholds.

The performance gains of this variant relative to Frame Difference alone suggest that adding
skeletal structure on top of the motion-residual images provides genuine discriminating
information beyond what motion isolation alone captures. The gains relative to MoveNet
Without Background suggest that having frame differencing as the substrate for pose
estimation is more informative than having a black background, likely because the motion-
residual image actively directs MoveNet’s attention toward the regions of the frame where
people are moving.

5.3 Ablation Study: Order of Fusion

The ablation study of this research is the Frame Difference on MoveNet preprocessing
variant. Table 5.2 compares the two sequential combination strategies across all five
evaluation metrics, including accuracy, precision, recall, F1-Score, and AUC. The first
is the proposed method, MoveNet on Frame Difference, and the second is the ablation,
Frame Difference on MoveNet.

Table 5.2: Ablation Study: Order of Sequential Fusion

Variant Accuracy Precision Recall F1-Score AUC

MoveNet on Frame Difference 81.50% 77.63%  88.5% 0.8271 0.8661
Frame Difference on MoveNet 74% 72.22% 78.00% 0.7500 0.8163

The two variants differ by 7.5 percentage points in accuracy, 5.41 points in precision, 10.5
points in recall, 0.0771 in Fl-score, and 0.0498 in AUC. On every metric, MoveNet on
Frame Difference outperforms Frame Difference on MoveNet. The differences are large
enough across all five dimensions to conclude that the order in which these two operations
are applied has a meaningful and consistent effect on classification performance.

The performance gap is largest in recall: MoveNet on Frame Difference correctly identified
88.5 percent of Fight clips, while Frame Difference on MoveNet identified only 78.0 percent.
Ten and a half percentage points more violent clips were missed by the reversed-order
pipeline. This metric most directly reflects the operational impact of the ordering decision.
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Figure 5.6: Performance comparison of preprocessing order in the ablation study.

The structural explanation for this gap relates to what each operation receives as input.
In MoveNet on Frame Difference, MoveNet processes a frame-difference image in which
the static background has already been suppressed. The input to pose estimation is a
representation where the most visually prominent regions are the moving bodies. In Frame
Difference on MoveNet, MoveNet [12] processes the original full-color RGB frame, which
contains background complexity that may complicate keypoint detection. The frame
differencing then applied to the MoveNet [12] output subtracts consecutive skeleton frames
from each other. Because MoveNet’s [12] keypoint predictions are not perfectly stable
frame-to-frame, individual joint positions shift slightly even for a stationary person due
to inference-level noise; this differencing operation amplifies detection noise rather than
capturing genuine body movement. The resulting signal is a mixture of real limb motion
and MoveNet’s own estimation jitter, which provides a less reliable basis for classification
than the motion-first approach.

The AUC of 0.8163 for Frame Difference on MoveNet, while lower than the proposed
method’s 0.8661, is still above 0.8, indicating that the reversed-order pipeline has meaningful
discriminative ability. It also outperforms the raw video baseline (68.50% accuracy) and
the standalone MoveNet variant (72.50% accuracy) on accuracy, although its recall of 78.0
percent is lower than the standalone MoveNet’s 83.5 percent. The ablation therefore shows
that combining the two operations in either order is better than the raw video baseline,
but that the specific order is consequential, and applying frame differencing before pose
estimation is clearly the more effective choice.

5.4 Summary of Key Findings

The results in all six conditions lead to four conclusions. Preprocessing improves over raw
video. Fach preprocessing variant tested in this study outperformed the raw video baseline
with a precision of 68.50 percent. The gains range from four percentage points (MoveNet)
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Figure 5.7: Confusion matrix and ROC curve for the Frame Difference on MoveNet variant.

to thirteen percentage points (MoveNet on Frame Difference). This confirms the core
premise of the study: transforming the input before classification reduces the learning
difficulty for the downstream model. The proposed method, MoveNet on Frame Difference,
is the best-performing variant. It achieved the highest score on accuracy (81.50%), recall
(88.5%), Fl-score (0.8271), and AUC (0.8661). It is the only variant to exceed 80 percent
accuracy and the only one to exceed 88 percent recall on the test set. Removing background
content from pose-estimated video improves performance. MoveNet Without Background
outperformed MoveNet by 5.5 percentage points in accuracy and substantially improved
precision. This suggests that background scene content in annotated RGB frames acts
as noise for the classifier rather than helpful context. The order of sequential fusion
matters. MoveNet on Frame Difference outperformed Frame Difference on MoveNet by
7.5 percentage points in accuracy and 10.5 points in recall. Applying frame differencing
before pose estimation produces a more informative and less noise-contaminated input
than the reverse order.
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Chapter-6: Discussion

6.1 Overview

This study was aimed to achieve three objectives, discussed in Section 1.3: propose a
preprocessing method that combines motion and pose information in a specific order,
compare it against four alternative preprocessing strategies and a raw-video baseline, and
confirm the design choice through an ablation that reverses the order of combination. This
chapter discusses the results in that same order. Sections 6.2 and 6.3 address the primary
objective directly: why MoveNet on Frame Difference, the proposed method, performed
best, and why Frame Difference on MoveNet, its reversed-order ablation, performed worse.
Section 6.4 brings the two findings together into a single account of what worked and what
did not work in all five variants. Section 6.5 turns to the secondary objective: situating
all five preprocessing methods and the raw RWF-2000 [4] baseline reported by Bhuiyan
et al. [8], against one another. Section 6.6 compares the best result obtained here with
previous work on the same data set, and Section 6.7 considers what the findings mean for
a deployed system.

Across the six conditions tested (the raw baseline and five preprocessing variants), accuracy
ranged from 68.50 to 81.50 percent, Fight recall from 69.5 to 88.5 percent, and AUC from
0.7846 to 0.8661, with the classifier held identical throughout. Preprocessing alone, in
other words, was enough to move test accuracy by thirteen points. The sections that
follow explain why.

6.2 Why MoveNet on Frame Difference Performed Well

The proposed method of this study, MoveNet [12] on Frame Difference, was the best
performer in four evaluation metrics in. It achieved 81.50 percent accuracy, 88.5 percent
recall, an Fl-score of 0.8271, and an AUC of 0.8661. It correctly identified 177 of the 200
Fight clips in the test set, missing only 23, the fewest missed violent clips of any variant.

The explanation can be followed backwards starting with the inputs to each stage of the
pipeline. First, frame differencing will be activated and any object that didn’t move in the
clip will be set to near zero; floors, walls, furniture, background signage etc. will all be
near zero, and what will be visible is the concentration on areas where a body actually
moved. MoveNet [12] subsequently infers pose in this already simplified image, not the
RGB frame. The background noise has been reduced in most cases, which means that
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MoveNet [12] doesn’t have to compete with irrelevant visual information when making
its predictions, and the keypoints it detects are drawn to the place where there is actual
movement, instead of being distracted by background noise or similar moving objects or
people who are standing still.

The result is a representation that carries two aligned signals at once: where in the frame
motion is occurring, and what shape the body is making while it moves there. Neither
signal alone gets close to this performance. Frame Difference by itself reached 76.50
percent accuracy and 69.5 percent recall. It knows where motion happened but has no
information about body structure, so a slow or subtle violent interaction can look like
ordinary low-motion footage. MoveNet [12] Without Background reached 78.00 percent
accuracy and 73.5 percent recall. It knows what the body looks like but has no explicit
motion signal to draw on. Combining the two, in this order, closed both gaps at once: the
fusion is not redundant, it supplies information neither input carried on its own.

6.3 Why Frame Difference on MoveNet Performed Poorly

Frame Difference on MoveNet [12], the ablation that reverses the fusion order, reached
74.00 percent accuracy, 7.5 points below the proposed method, and its recall of 78.0
percent left 10.5 more points of violent clips undetected. Its AUC of 0.8163 was likewise
the second-lowest of the five preprocessing variants. Since both pipelines use exactly the
same two operations, frame differencing and MoveNet [12] pose estimation, the gap is
attributable entirely to the order in which they run.

In this ordering, MoveNet[12] runs first, directly on the raw, unprocessed video. Its keypoint
predictions are not perfectly stable from one frame to the next: the estimated joint positions
drift slightly even when a person is holding still, and MoveNet [12] occasionally misplaces
a keypoint altogether. Frame differencing is then applied to the resulting skeleton-overlay
frames, subtracting one annotated frame from the next. But a rendered skeleton is a
thin arrangement of lines and dots rather than a solid, extended shape like a real body,
so two consecutive skeleton frames overlap very little even when the underlying person
barely moved. What the differencing step measures, then, is mostly MoveNet’s own
frame-to-frame jitter, estimation noise, rather than genuine motion in the scene.

This does not mean the ablation failed outright. Frame Difference on MoveNet still beat
the raw video baseline by 5.5 points and the standalone MoveNet [12] variant by 1.5 points
on accuracy, so combining motion and pose information in this order still carries some
benefit over either signal alone. The comparison with the proposed method shows that
the benefit is capped by where the noise enters the pipeline: applying frame differencing
before pose estimation gives MoveNet [12] a cleaner input to work from, while applying it
after pose estimation amplifies MoveNet’s own instability into the final signal. The fusion
concept itself is sound in both directions; only one direction avoids compounding the noise.
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6.4 What Works and What Does not

The five preprocessing variants point to a consistent pattern. Frame Difference works, in
part. It isolates motion effectively and produced the joint-highest precision of any variant
(80.81%), but it carries no structural information about the body, so it misses subtle or slow
violent interactions. Its recall, at 69.5 percent, was the lowest of the five. MoveNet [12], on
its own, does not work well. It captures body pose but retains the full original background,
and that retained scene content diluted the classifier’s signal rather than adding useful
context. It was the weakest of the five variants on accuracy (72.50%), precision (68.44%),
and AUC (0.7846). Removing the background works. MoveNet Without Background
outperformed the background-retaining version by 5.5 points of accuracy using the identical
pose-estimation step, which indicates that scene content was actively hurting classification
rather than helping it. MoveNet on Frame Difference works, and works best. Combining
motion isolation with pose estimation, in that order, produced the strongest result on
every metric reported, accuracy, recall, Fl-score, and AUC, by supplying the classifier
with both signals at once instead of either alone. Frame Difference on MoveNet does not
work as well. Combining the same two operations in the reverse order let MoveNet’s own
frame-to-frame jitter get amplified by the differencing step, producing a noisier signal and
a real drop in performance, though it still improved on the raw baseline.

The pattern across all five is the same one: get the sequence right, and motion and pose
information reinforce each other; get it wrong, and one signal actively degrades the other
rather than adding to it.

6.5 Comparing All Five Preprocessing Methods

The secondary objective of this study was to compare all five preprocessing pipelines
against one another and against a raw-video baseline, in order to place the proposed
method’s performance in context. The raw video baseline, taken from Bhuiyan et al. [§]
who used the same dataset [4] with a ResNetb0V2 + LSTM classifier on unprocessed
RGB footage, reached 68.50 percent accuracy, 65.81 percent precision, and 77.0 percent
recall. Every preprocessing variant tested in this study outperformed it on accuracy, and
its relatively high recall against low precision suggests a classifier biased toward predicting
Fight under uncertainty rather than one that had learned to reliably separate violent from
non-violent motion.

The MoveNet variant, which overlays skeletal annotations on the original RGB frame,
improved on the raw baseline by only four accuracy points (72.50%) and was the weakest
of the five preprocessing conditions. Its recall was the second-highest of the study (83.5%),
but its precision was the lowest (68.44%), and it produced the most false positives of
any variant: 77 NonFight clips were misclassified as Fight. Crowd scenes, complex
environments, and ordinary physical activity such as running or gesturing can produce
skeleton configurations that superficially resemble aggressive postures once background
context is left in the frame, and that appears to be what happened here.

Stripping that background out, in MoveNet Without Background, corrected much of this.
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Accuracy rose to 78.00 percent, false positives fell from 77 to 35, and NonFight recall rose
from 61.5 to 82.5 percent. This is consistent with the pattern reported in [§], where the
same comparison between RGB input and pose input found pose-based representations
outperforming raw RGB, while also noting that inaccurate pose estimation can undercut
the classification result. Both how much pose information is used, and how it is presented
to the classifier, appear to matter.

Frame Difference alone reached 76.50 percent accuracy with the second-highest AUC of
the study (0.8619) and the joint-highest precision (80.81%), but its recall of 69.5 percent
was the lowest of the five variants: 61 genuinely violent clips were classified as NonFight.
This is a known limitation of motion-based representations generally: they highlight frame-
to-frame change effectively, but a violent interaction with limited or gradual movement
produces a comparatively weak motion signal, one that a purely motion-based classifier is
prone to under-detect.

MoveNet on Frame Difference, discussed in Section 6.2, sits above all four of these at 81.50
percent accuracy, and Frame Difference on MoveNet, discussed in Section 6.3, sits between
the single-signal variants and the proposed method at 74.00 percent. Taken as a whole, the
six-way comparison shows that no single preprocessing choice is free of trade-offs. Frame
Difference favors precision over recall, MoveNet favors recall over precision, and only the
correctly-ordered fusion of the two improves on both simultaneously.

6.6 Comparison with Previous Studies

The best result of this study was 81.50% accuracy on RWF-2000. It is higher than
the accuracy of the CNN-LSTM approach described in [9], which reached 68.00 percent
accuracy in the studies reviewed in Chapter 2. It is also close to the 81.98 percent reported
in [20] with a lightweight network, and the 82.00 percent reported in [21I] with an Efficient
Violence Detection approach.

Meanwhile, some studies obtained better accuracy than the proposed method. For example,
a prior work [18] presented a VGG16 + ConvLSTM model, with the frame-difference-
based VGG16 achieving 92.40 percent accuracy, and another [25] presented a staged
frame-difference approach reaching 88.50 percent accuracy. Pose- and motion-based fusion
methods also achieved higher results, including 90.25 percent in [I0], 95.05 percent in [I1],
and 93.28 percent in [29]. The accuracy reported in [23] was 96.21 percent on RWF-2000
[4] using an attention-based method.

This comparison shows that the proposed approach does not offer the best absolute accuracy
among the studies reviewed, but the architectures being compared are not equivalent.
Many of the higher-scoring studies use two- or multi-branch architectures, where different
sources of information are processed through separate networks before being combined.
In [IT], for instance, pose and motion are processed and moved separately before being
merged; in [29], RGB features are fused with pose information through additional weighting
mechanisms. The present study, by contrast, was designed to hold the classifier fixed
across every condition and isolate what a single sequential preprocessing choice contributes
on its own. The comparison here is more useful for understanding how preprocessing
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affects the outcome than for ranking overall architectures by peak accuracy.

Against that backdrop, the 68.00 percent lower bound from [9] and the 81.50 percent
achieved here (a 13.5-point gap) confirms that this study’s preprocessing choice does
substantive work on its own. The remaining gap to the higher-scoring fusion and attention-
based architectures suggests that pairing MoveNet on Frame Difference with a more
elaborate classification architecture is a reasonable next step, rather than evidence that
the preprocessing choice itself was ineffective.

6.7 Practical Significance

These results carry implications for real-world surveillance-based violence detection. The
main strength of MoveNet on Frame Difference is how much of the genuinely violent
footage it catches: a Fight recall of 88.5 percent means it correctly flagged 177 of the 200
Fight clips in the test set, the highest of any variant tested.

This kind of representation is best suited to a system whose job is to flag a potential
incident for a person to review, not to act as a final decision-maker on its own. Its output
would be more appropriately used to direct a human reviewer’s attention to the clips most
worth a second look, rather than to trigger an automated response.

The broader implication is that preprocessing is a comparatively simple lever for improving
an existing system’s input representation without redesigning the classifier itself. A system
does not necessarily need a larger or more complex model to improve; it can also gain by
checking whether the representation reaching that model is well suited to the task.

Overall, the findings show that preprocessing plays an important role in violence detection
performance. The proposed MoveNet on Frame Difference method provided the best
balance of motion and pose information, while the ablation confirmed that their order
of application affects performance. These results demonstrate that an appropriate input
representation can improve detection without changing the underlying classifier, providing
a practical direction for developing more effective surveillance-based violence detection
systems.
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Chapter-7: Conclusion

7.1 Summary

This thesis asked whether the order in which motion and pose information are combined
during preprocessing changes how well a fixed classifier can detect violence in real surveil-
lance footage. Three things were done to answer that, matching the objectives set out
in Section 1.3: A novel sequential preprocessing pipeline was proposed. MoveNet [12]
applied to Frame Difference first isolates motion in a clip through frame differencing, then
estimates human pose from that motion-isolated signal, rather than from the original RGB
frame.

The proposed method was compared against four alternative pipelines and a raw-video
baseline. Frame Difference, MoveNet Skeleton Overlay, MoveNet Without Background,
and Frame Difference on MoveNet were each run through the identical EfficientNet-B0 +
LSTM [13] [5] classifier, trained under the same hyperparameters, alongside the raw-video
figures reported by Bhuiyan et al. [8]. MoveNet on Frame Difference came out ahead on
every metric reported: 81.50 percent accuracy, 88.5 percent recall, an F1-score of 0.8271,

and an AUC of 0.8661.

An ablation reversed the fusion order. Frame Difference on MoveNet, built from the same
two operations in the opposite sequence, reached only 74.00 percent accuracy and 78.0
percent recall, confirming that the order in which motion and pose are combined has a real,
measurable effect on detection performance rather than being an arbitrary implementation
detail.

Nothing about the classifier changed between any of these five runs: the same architecture,
the same hyperparameters, the same training procedure. Test accuracy still moved by
thirteen points and AUC by close to a tenth, purely as a function of how the video was
represented before the classifier saw it. MoveNet on Frame Difference came out on top
overall; the raw MoveNet overlay, which keeps the full original background sitting behind
the skeleton, came out at the bottom. Stripping background out helped in both places it
was tried, and running motion isolation before pose estimation clearly beat doing it the
other way around.

51



7.2 Research Questions Answered

Three research questions (RQs) were formulated in Chapter 1 to guide the investigation.

RQ1: Does applying frame differencing before MoveNet pose estimation, as a
sequential preprocessing pipeline, produce a more effective input representation
for violence detection than either technique applied independently? The proposed
MoveNet on Frame Difference pipeline produced the strongest overall performance among
the preprocessing representations evaluated in this study. It outperformed the individual
preprocessing approaches in terms of accuracy, recall, Fl-score, and AUC. The results
indicate that applying frame differencing first can reduce irrelevant static background
content while retaining regions of motion, allowing MoveNet multipose estimation to
extract human skeletal information from a more focused representation. The proposed
pipeline is also implementable using publicly available tools, including OpenCV for frame
differencing and the TensorFlow Hub MoveNet Multipose Lightning model.

RQ2: Across five distinct preprocessing strategies evaluated under a fixed
classifier and identical training conditions on the RWF-2000 dataset, which
input representation produces the strongest violence detection performance,
and what does the ranking reveal about what information matters most for
this task? MoveNet on Frame Difference achieved the strongest overall performance
among the five preprocessing strategies. All five variants also outperformed the external
raw video baseline |?]. The results show that background removal can improve pose-based
representations, while frame differencing alone provides strong precision but comparatively
lower recall. Combining motion information with human pose structure produced better
overall performance, particularly when the two operations were applied in the proposed
order. This suggests that both motion and body-structure information contribute to
effective violence detection, while reducing irrelevant background content can further
improve the usefulness of the representation.

RQ3: Does the order in which frame differencing and MoveNet pose estimation
are applied have a measurable and consistent effect on violence detection
performance, and if so, why? The ablation study demonstrated a clear and consistent
effect of preprocessing order. MoveNet on Frame Difference outperformed Frame Difference
on MoveNet across all evaluated metrics. This indicates that the performance gain is not
simply due to combining the two operations, but is also influenced by the order in which
they are applied. Applying frame differencing first provides MoveNet with a more focused
representation of regions containing motion, whereas applying frame differencing after
pose estimation can introduce or retain estimation-related noise from the skeleton overlays.
Therefore, the proposed ordering is more effective for the violence detection task evaluated
in this study.

Overall, the three research questions are answered by the experimental evidence: the
proposed preprocessing pipeline provides the strongest representation, the comparative
evaluation demonstrates the value of combining motion and pose information, and the
ablation study confirms that the order of these operations has a meaningful effect on
performance.
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7.3 Analysis of the Social Effects

A working version of the system studied here would be aimed at cutting the time between
a violent incident happening and someone actually responding to it, and at taking some
of the load off human operators watching camera feeds all day. In places like schools,
hospitals, transit stations, and crowded public venues, that faster response time is a real
benefit: something that might otherwise go unnoticed until it’s already escalated gets
flagged while there’s still a chance to step in. Chapter 1 already noted that watching
hours of footage manually is exhausting work, and people miss things when they’re tired.
A system that narrows the footage down to the clips most worth a second look can make
that job more sustainable rather than eliminating the person doing it.

That same capability has a darker side worth naming rather than glossing over. Rolling
out more automated monitoring, even for a genuinely protective purpose, extends how far
surveillance infrastructure reaches, and it can quietly shift what people expect in public
and semi-public spaces, an effect on ordinary behavior that shows up whether or not
anyone’s actually doing anything wrong. A system that still gets it wrong sometimes, and
the best variant in this study produced 51 false positives out of 200 non-violent test clips,
will flag people incorrectly in the real world. Given that, a system like this belongs in the
hands of a human decision-maker as a tool that directs attention, not as something left to
act on its own.

7.4 Environmental Impact Analysis and Sustainability

Training five models, each run for 100 epochs across 1,280 clips passed frame by frame
through a convolutional network, isn’t free in terms of electricity, and that electricity
comes with a carbon cost that depends entirely on how it’s generated. The choices made
in this study push in the direction of lowering that cost compared with the alternatives.
EfficientNet-B0 was chosen specifically because it delivers solid spatial feature extraction
without the parameter count of something like ResNet-50 or VGG-16, and a number of
the higher-scoring architectures reviewed in Chapter 2 lean on much heavier machinery,
three-dimensional convolutions, transformer-based pose models, multi-head attention, any
of which would have driven up both training time and energy use had this study used
them instead.

The preprocessing side is lighter still. Frame differencing barely registers as a computational
cost, and MoveNet Lightning was built specifically for fast, near-real-time inference rather
than heavy batch processing. Because both the preprocessing and the classifier here are
relatively cheap to run, this approach is better suited to sustained use across many camera
feeds than architectures built around large 3D-convolutional or transformer backbones,
which would draw considerably more power if run continuously at that scale. None of this
replaces an actual energy audit, though; a real deployment across a city or a large campus
would need one before anyone could state its footprint with any confidence. What this
study can say is that the choices made here cut that footprint relative to heavier options,
not that they remove it.
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7.5 Ethical Issues

RWF-2000 [4] was put together by its original authors from publicly posted YouTube
footage, not gathered specifically for this thesis, and this study worked entirely from that
existing benchmark rather than collecting or publishing any new footage of identifiable
people. That’s a meaningful distinction, but it doesn’t make the underlying task ethically
neutral. Any system trained this way and later pointed at live cameras would be making
automated calls about real people’s behavior, and getting one of those calls wrong isn’t
a minor error. Being incorrectly flagged as violent carries a cost for the person involved
even if a human reviewer clears the clip minutes later, a cost that a precision or recall
figure doesn’t capture.

Fairness is a second issue this study can point to without being able to settle it. RWF-
2000’s [4] authors pulled footage using search terms across several languages specifically to
broaden geographic and cultural coverage, which is a sensible step against regional bias,
but this study never checked whether the trained models perform evenly across different
lighting, clothing, skin tones, or camera quality, and an uneven error rate across any
of those is entirely plausible without ever having been measured here. There’s also the
question of dual use: a model trained to spot violence is, underneath, a general tool for
reading human activity from video, and nothing about the model itself stops it from being
repurposed for wider behavioral monitoring beyond what it was built for. Preventing
that kind of scope creep is more a governance problem than a technical one, and it’s
not something this thesis can resolve, but it’s worth stating outright rather than leaving
unsaid: a system like this needs clear rules about what it monitors and what it doesn’t,
with a person accountable for whatever decisions it feeds into.

7.6 Limitations and Future Work

This study has several limitations related to its research scope. First, evaluation was
limited to the RWF-2000 dataset [4]. The findings therefore show how the proposed
preprocessing approaches perform on this particular benchmark. Their performance on
other surveillance datasets has not been established. Second, only the EfficientNet-B0O +
LSTM [13] [5] architecture was evaluated. The study was intentionally designed around
one fixed classifier so that the effect of preprocessing could be compared fairly. As a result,
it is not known whether the same preprocessing ranking would remain unchanged when
other architectures are used. Third, the system performs binary Fight and NonFight
classification only. This means that it identifies whether a video belongs to the Fight or
NonFight category but does not distinguish between different forms of violence or other
types of abnormal activity.

These limitations lead to several possible directions for future research. Evaluation on
larger and more diverse violence-detection datasets. The five preprocessing pipelines
can be tested on additional datasets to determine whether the findings observed on
RWEF-2000 [4] also apply to other surveillance environments. Evaluation with different
classification architectures: Future studies can investigate CNN-LSTM, ConvLSTM, 3D
CNN, transformer-based, or other lightweight architectures to determine whether the
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benefit of MoveNet on Frame Difference is consistent across different models. Multi-class
violence detection: Instead of only distinguishing Fight and NonFight, the framework
could be extended to identify different types of violent activities, such as physical assault,
group fighting, or other categories depending on the dataset. Anomaly detection: The
framework could also be extended beyond predefined violence classes to identify unusual
or abnormal events in surveillance videos.

7.7 Closing Thoughts

The findings of this thesis demonstrate that preprocessing design plays an important
role in real-world violence detection. The main contribution of this work is the proposal
of MoveNet on Frame Difference, which combines motion and pose information
by applying frame differencing before pose estimation. This sequence was designed to
emphasize motion-related regions before extracting human body structure, reducing the
influence of static background information while retaining meaningful pose information.
The experimental results support the effectiveness of this approach, as it achieved the
highest performance among the evaluated preprocessing strategies, with 81.50% accuracy,
88.50% recall, 0.8271 Fl-score, and 0.8661 AUC.

The ablation results further show that the order of preprocessing operations is an important
part of the proposed design. Applying frame differencing after pose estimation resulted in
lower performance across the evaluation metrics, indicating that simply combining the
two techniques does not provide the same benefit when their order is reversed. Since
all preprocessing variants were evaluated using the same EfficientNet-BO and LSTM
classifier and experimental settings, the observed differences highlight the contribution of
the proposed input representation rather than changes to the classification architecture.
These findings suggest that carefully designed preprocessing can provide a practical way
to improve violence detection performance without requiring a more complex model. More
broadly, the proposed approach demonstrates the potential of combining motion and
pose information in a deliberate sequence for developing more effective surveillance-based
violence detection systems.
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