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Abstract—The automatic detection of violent behaviour in
video sequences has emerged as a critical area of research in
public safety and surveillance, as the early detection of aggressive
actions enables rapid intervention and can significantly mitigate
potential harm. This paper proposes a novel methodology for
the automatic detection and identification of violent behaviours
in video sequences, with particular emphasis on the recognition of
the specific individual responsible for such actions. A significant
innovation of our approach is the integrated extraction of human
pose features using a You Only Look Once-based (YOLO) model
that efficiently captures critical key points which serve as essential
cues for the detection of violent interactions. The proposed
approach integrates human pose estimation techniques used to
extract spatial features with temporal analysis models designed
to capture the dynamic nature of aggressive behaviour. To assess
the effectiveness of the method, two temporal architectures,
a Bidirectional Long-Short-Term Memory (BiLSTM) network
and a transformer-based model, were evaluated on the AirtLab
dataset. Experimental results demonstrate the robustness and
reliability of the proposed approach, highlighting high accuracy
alongside real-time applicability. Furthermore, by relying on
pose-based representations that can be processed in distributed
edge-cloud architectures, the methodology offers enhanced pri-
vacy preservation compared to raw video processing approaches.

Index Terms—Violence detection, Pose estimation, You Only
Look Once, Bidirectional Long Short-Term Memory, Trans-
former

I. INTRODUCTION

In recent years, the automatic detection of violent behaviour

in video sequences has become a key research topic in

Computer Vision (CV) and Deep Learning (DL), driven by

the need for enhanced security and prompt intervention in

various environments. The challenge is particularly significant

in surveillance applications, where systems must operate re-

liably in complex, crowded environments with varying light-

ing conditions and camera perspectives. Several studies have

combined spatial analysis via Convolutional Neural Networks

(CNNs) [1]–[3] with temporal models like Recurrent Neural

Networks (RNNs) and Long-Short-Term Memory (LSTM) [4],

[5] to identify violent actions. Notable contributions include

CNN-based approaches for motion picture content rating [6],

hybrid models integrating CNNs with recurrent networks [7]

and systems that leverage pose estimation to capture human

dynamics [8], [9].

Traditional approaches often struggle with real-world chal-

lenges, especially when relying on RGB data alone, which

can be affected by environmental factors [10], [11]. CNN-

based methods also require high computational resources,

raise privacy concerns due to raw video processing, and offer

limited interpretability for security applications. More recent

methods have explored pose-based representations as a more

robust alternative, focusing on human skeletal information

rather than relying solely on appearance features [12], [13].

Human pose estimation has evolved significantly, from part

affinity field and high-resolution representation methods [14]

to streamlined, unified architectures such as YOLO-Pose,

which fuse object detection and pose estimation in a single

model [15]. Recent studies have demonstrated the effectiveness

of transformer architectures for video understanding tasks [16],

[17], offering advantages in modeling long-range dependencies

compared to recurrent architectures.

However, many existing methods still face significant chal-

lenges:

• Poor generalization to real-world scenarios, particularly

when trained on synthetic or highly controlled datasets

[18], [19].

• High sensitivity to environmental variations such as light-

ing, camera angle, and occlusions.



• Limited interpretability of features, making it difficult to

understand model decisions.

• Computational inefficiency when processing multiple

subjects in crowded scenes.

• Difficulties in capturing the nuanced temporal dynamics

that distinguish violent from non-violent interactions.

To address these challenges, this paper proposes a novel

methodology that integrates spatial features and temporal

dynamics to effectively recognize violent behaviour and distin-

guish types of aggressive actions. Our approach differs funda-

mentally from previous work in its focus on structured pose-

based representations and comparative analysis of advanced

temporal modeling techniques.

The proposed pipeline begins with spatial feature extraction

using YOLO-based pose estimation, providing efficient and

accurate detection of human pose keypoints even in com-

plex scenes. The extracted poses follow the COCO keypoint

format [20], which defines 17 anatomical joints and enables

structured representation of human motion. The proposed

feature engineering component transforms raw pose data into

structured representations that capture crucial indicators of

violence, including joint velocities, relative body positioning,

and dynamic postural changes.

For the temporal phase, we explore and compare two archi-

tectures: a Bidirectional Long Short-Term Memory (BiLSTM)

network [21], which is well-suited for modeling sequential

dependencies, and a Transformer-based model [22], known

for its powerful capabilities in capturing long-range temporal

relationships. This comparative analysis provides valuable in-

sights into the trade-offs between different temporal modeling

approaches for violence detection tasks.

The key contributions are:

• A tailored feature engineering pipeline that converts pose

keypoints into informative spatio-temporal descriptors for

violence detection.

• A novel strategy for capturing interpersonal dynamics via

relative positioning and motion patterns between subjects.

• A comparative evaluation of BiLSTM and Transformer

models for temporal reasoning in violent behaviour

recognition.

• Experimental evidence showing superior performance

over existing RGB-based and hybrid approaches while

preserving privacy and computational efficiency.

Among the key advantages of our methodology are its

robustness in complex, crowded scenes, its adaptability to dif-

ferent types of temporal models, and its reliance on pose-based

descriptors, which enhance interpretability and reduce depen-

dence on raw video input. Unlike CNN-based approaches that

process raw video data, the proposed pose-based method offers

significant improvements in privacy preservation, environmen-

tal robustness, and computational efficiency while maintaining

comparable or superior detection accuracy.

The paper is structured as follows: Section 2 details the

proposed methodology, with an overview of the AirtLab

dataset, the YOLO-based pose extraction and labelling pro-

cess, and the feature engineering pipeline. Section 3 presents

Fig. 1: Overview of the proposed pipeline.

the experimental evaluation of the BiLSTM and Transformer

models, analyzing their performance and trade-offs. Finally,

Section 4 offers conclusions and directions for future research,

including potential applications in surveillance and behaviour

analysis systems.

II. MATERIALS AND METHODS

This section outlines our privacy-preserving methodology

for violence detection using skeletal pose data. We cover the

AirtLab dataset, YOLO11m-based keypoint extraction, feature

engineering for temporal representation, and neural network

architectures (BiLSTM, Transformer). Figure 1 illustrates the

complete pipeline from video input to classification output.

In detail, from raw video input, human pose keypoints are

extracted using YOLO11m. These are then processed into

structured features capturing pose dynamics and interactions,

which are fed into temporal models for violence and action

recognition.

A. Dataset

This study employs the AirtLab Dataset for Automatic

Violence Detection in Videos, containing 350 video sequences

(230 violent, 120 non-violent) recorded at 1280×720 pixels

and 30 FPS. Video duration ranges from 2-10 seconds (average

4.5s), captured in controlled indoor environments with varying

lighting conditions and camera perspectives. The dataset was

stratified into training (50%), validation (20%), and testing

(30%) splits, maintaining proportional representation of behav-

ior categories across partitions. Table I summarizes the types

of behaviors included in the dataset, grouped into violent and

non-violent categories.

B. Keypoint Extraction and Labeling

The YOLO 11m pose model (mAP: 0.87) was utilized for its

balance between accuracy and computational efficiency. The

processing pipeline consisted of two phases:

1) All videos were processed with YOLO 11m to gen-

erate JSON files containing frame-by-frame detections.

Each detected person received a unique ID through an

enhanced Hungarian tracking algorithm that integrated

TABLE I: Violent and Non-Violent Behaviours.

Behaviour Type Examples

Violent
Choke, Club, Fight, Gunshot, Kick
Punch, Push, Slap, Stab

Non-Violent
Greet, Hand gestures, Handshake, High five
Hug, Jump, Walk, Friendly-Punch



Fig. 2: Comparison between original frames (top) from non-

violent videos and the same frames with keypoints overlaid

(bottom).

Fig. 3: Comparison between original frames (top) from violent

videos and the same frames with keypoints overlaid (bottom).

spatial proximity, pose similarity, and Intersection over

Union (IoU) between consecutive frames.

2) A custom labeling tool enabled manual annotation

of each tracked person with their behavioral status

(violent/non-violent), role (aggressor/victim), and spe-

cific action performed, achieving a tracking consistency

rate of 93.8%.

The model extracted 17 anatomical keypoints in COCO for-

mat: head region (5 points), upper body (6 points), and lower

body (6 points). Each keypoint was represented by normalized

(x,y) coordinates relative to bounding box dimensions and a

confidence score, with points below 0.4 confidence handled

through interpolation.

C. Feature Engineering and Data Preparation

A comprehensive feature extraction pipeline transforms raw

pose keypoints into meaningful behavioral descriptors across

three key aspects: individual body dynamics, interpersonal

interactions, and temporal patterns.

1) Individual Pose Features:

• Joint velocities: Frame-to-frame movement speed of body

parts (e.g., rapid hand movements during punching),

computed over 5-frame windows.

• Joint accelerations: Sudden changes in movement speed

indicating abrupt actions, calculated as second-order tem-

poral derivatives.

• Postural angles: Body posture indicators such as arm

angles and torso orientation, distinguishing aggressive

from defensive stances.

• Normalized displacement: Movement patterns relative to

center of mass, ensuring scale-invariant features.

2) Interaction Features:

• Inter-person distances: Physical proximity between peo-

ple, critical for detecting contact-based violence.

• Approach velocities: Speed of movement toward or away

from others, indicating aggressive approach or defensive

retreat.

• Relative orientations: Whether people face each other

(confrontational) or turn away (avoidance).

• Joint proximity alerts: Binary indicators when body parts

come within striking distance of another person.

3) Temporal Context Features:

• Moving averages: Smoothed motion patterns over 10, 20,

and 30-frame windows to distinguish sustained aggressive

behavior from brief gestures.

• Peak detection: Identification of sudden spikes in veloc-

ity/acceleration during violent actions.

• State transitions: Detection of behavioral changes, such

as calm-to-aggressive posture transitions.

The pipeline generates a 1390-dimensional vector per frame,

combining spatial pose information with temporal dynamics

and interpersonal relationships. The final dataset contains 1326

unique samples (video-person combinations), standardized to

150-frame sequences for consistent temporal modeling input.

D. Privacy-Preserving Deployment Architecture

While the complete pipeline processes raw video for evalu-

ation purposes, the pose-based approach enables a distributed

deployment architecture that enhances privacy preservation

compared to CNN-based methods. In practical implemen-

tations, YOLO-based pose estimation runs locally on edge

devices, extracting only skeletal keypoints without storing

or transmitting raw video data. Only the extracted pose

coordinates (34 numerical values per person per frame) are

transmitted to cloud infrastructure for temporal analysis and

violence detection. This architecture provides enhanced pri-

vacy compared to CNN-based approaches requiring full frame

transmission, as pose coordinates contain significantly less

identifiable information than raw video data. While not com-

pletely anonymous, the skeletal representation reduces identifi-

ability compared to facial features, clothing, or environmental

context present in full video frames.

E. Models Architecture and Evaluation

Two complementary architectures were implemented:

1) BiLSTM Architecture: The BiLSTM architecture pro-

cesses pose sequences of shape (150, 1390) through two

stacked BiLSTM layers (128 units each), followed by fully

connected layers (64 and 32 units) with dual output heads

for violence detection and action classification. The model

contains 1,970,067 trainable parameters.

2) Transformer Architecture: The Transformer architecture

implements two transformer encoder blocks with 8 attention

heads and an embedding dimension of 256, including posi-

tional encoding followed by global average pooling and dense

layers (128 and 64 units). The model contains 1,453,075

trainable parameters.



TABLE II: Performance comparison between models.

Model Acc. (%) Prec. (%) Rec. (%) F1-score (%)

BiLSTM 97.05 98.31 92.06 95.08

Transformer 98.28 94.74 100.00 97.30

TABLE III: Confusion matrices for violence detection showing

excellent classification performance with minimal misclassifi-

cations. V indicates Violence and NV indicates Non-Violence.

(a) BiLSTM model

True/Pred NV V

NV 279 2

V 10 116

(b) Transformer model

True/Pred NV V

NV 274 7

V 0 126

3) Training and Evaluation: Both models were trained

using the Adam optimizer (initial learning rate: 0.001) with

learning rate reduction and early stopping. Loss functions

included binary cross-entropy for violence detection and cat-

egorical cross-entropy for action classification, weighted at

1.0 and 0.5 respectively [23]. The total loss function can be

expressed as:

Loss = 1.0× VDLoss + 0.5× ACLoss (1)

where VDLoss represents the violence detection loss and

ACLoss represents the action classification loss. This weight-

ing strategy prioritizes the primary task of violence detection

while still incorporating action classification as a secondary

objective. Performance evaluation utilized accuracy, precision,

recall, and F1-score. Both models were evaluated on identical

data splits, with testing performed on 407 held-out samples

(281 non-violent, 126 violent sequences).

III. RESULTS

This section presents the experimental evaluation of BiL-

STM and transformer-based models on the AirtLab dataset

using a standard split of 50% training, 20% validation, and

30% testing.

A. Violence Detection Performance

Both models achieved exceptional performance in binary

violence detection (Table II). The Transformer model achieved

98.28% accuracy compared to BiLSTM’s 97.05%, with perfect

recall (100% vs 92.06%) but lower precision (94.74% vs

98.31%). The confusion matrices (Table III) show minimal

misclassifications: BiLSTM produced 10 false negatives and

2 false positives, while Transformer had 0 false negatives but

7 false positives.

B. Action Classification Performance

Action classification proved more challenging, with moder-

ate performance (Table IV). BiLSTM achieved slightly higher

accuracy (60.20% vs 59.71%), while Transformer demon-

strated better precision (57.42% vs 51.34%) and F1-score

(57.42% vs 54.32%). Both models performed well on the

dominant ”None” class (94-97% recall) but struggled with

rare action classes. Misclassifications typically occurred within

semantically similar action groups (Figure 4).

(a) BiLSTM model

(b) Transformer model

Fig. 4: Confusion matrices for action classification showing

strong performance on the dominant class (None) and semantic

grouping of errors.

C. Comparison with State-of-the-Art Methods

Table V compares the pose-based approach with exist-

ing CNN methods, demonstrating superior performance with

potential privacy advantages through distributed deployment

architectures.

D. Training Dynamics

Training analysis (Figure 5) shows distinct convergence

patterns: Transformer exhibits rapid initial improvement then

stabilization, while BiLSTM shows gradual, consistent conver-

gence. Violence detection achieves higher validation accuracy

(95-98%) than action classification (55-60%), highlighting the

multi-class task complexity. Both models show overfitting in

action classification after 7 epochs.

TABLE IV: Performance comparison for action classification.

Model Acc. (%) Prec. (%) Rec. (%) F1-score (%)

BiLSTM 60.20 51.34 60.20 54.32

Transformer 59.71 57.42 59.71 57.42



TABLE V: Performance comparison with existing violence

detection methods (Priv stands for Privacy)

Method Approach Dataset Acc.% Priv.

Gruosso et al. CNN Custom movies 90.9 No

Senst et al. Lagr.+SVM Violent Crowd 94.4 No

Sudhakaran et al. Conv-LSTM Hockey Fight 97.1 No

Our BiLSTM Pose-based AirtLab 97.05 Yes*

Our Transformer Pose-based AirtLab 98.28 Yes*

*Enhanced privacy through distributed edge-cloud deployment

(a) BiLSTM model

(b) Transformer model

Fig. 5: Training and validation history showing convergence

patterns for both models across epochs.

E. Feature Ablation Study

To assess the contribution of different feature groups, a

systematic ablation study was conducted by removing specific

feature categories and evaluating performance impact. Table

VI presents the key findings. The ablation study reveals a clear

feature hierarchy for both architectures. Individual Pose Fea-

tures (IP-Only) emerged as most critical, with their removal

(No Individual Pose, No-IP) causing dramatic performance

TABLE VI: Ablation Study Results: Impact of Feature Groups

on Performance

Config Features
Violence F1 (%) Action F1 (%)

BiLSTM Trans. BiLSTM Trans.

Baseline 1390 96.83 96.83 55.58 59.27

IP-Only 306 98.40 98.80 55.08 62.04

No-IP 1084 46.38 53.28 36.58 36.37

No-IF 896 98.80 98.81 55.11 58.13

No-MD 1200 96.83 98.80 53.15 57.73

No-TC 990 95.55 98.81 51.43 57.36

degradation (from 97% to 46-53% F1 score), confirming that

basic keypoint coordinates form the foundation of violence

detection. Remarkably, IP-Only with just 306 dimensions

achieves superior performance compared to the full feature

set, demonstrating that core skeletal information is sufficient

for effective detection. Removing Interaction Features (No-

IF) slightly improved performance, suggesting redundancy in

interpersonal calculations. Temporal Context Features (No-

TC) showed moderate importance while Motion Dynamics

(No-MD) appeared largely redundant. This analysis demon-

strates that violence detection relies primarily on individual

body configuration rather than complex interpersonal relation-

ships, providing clear guidance for computational optimization

in resource-constrained environments.

IV. DISCUSSIONS

The experimental results confirm the effectiveness of the

pose-based approach, demonstrating superior performance and

practical advantages:

Performance and Comparison: Skeletal pose data

achieves high accuracy (97–98%) for violence detection,

demonstrating superior performance compared to CNN-based

methods like Gruosso et al. (90.9%) and Sudhakaran et

al. (94.6%) while enabling enhanced privacy preservation

through distributed deployment architectures. The comple-

mentary architectures provide deployment flexibility: Trans-

former models achieve perfect recall (100%) for high-security

scenarios, while BiLSTM offers higher precision (98.31%)

when false alarms must be minimized. Interpretability and

Optimization: The ablation study reveals that IP-Only are

most critical, with their removal (No-IP) causing dramatic

performance degradation. Using IP-Only with just 306 dimen-

sions achieves near-optimal performance, enabling significant

computational optimization. No-IF proved redundant, while

No-TC showed moderate importance and No-MD appeared

largely unnecessary. This demonstrates that violence detection

relies primarily on individual body configuration, enhancing

interpretability compared to black-box CNN methods. Limi-

tations and Privacy Considerations: The controlled indoor

evaluation (350 videos) may limit real-world generalizability,

and the method depends on pose estimation accuracy. The

pose-based architecture enables distributed deployment where

pose estimation occurs locally and only skeletal coordinates

are transmitted, reducing data sensitivity compared to full



video processing. However, privacy enhancement is relative-

skeletal representations reduce but do not eliminate identifying

information. Moderate action classification performance (60%)

reflects class imbalance issues, highlighting the need for

specialized augmentation strategies.

Overall, this keypoint-based framework balances accuracy,

efficiency, and enhanced privacy preservation potential, po-

sitioning it as a viable solution for surveillance deployment

while establishing clear directions for future enhancement.

V. CONCLUSIONS

This study establishes pose-based violence detection as a vi-

able and effective alternative to CNN approaches, demonstrat-

ing competitive performance while providing privacy preser-

vation potential through distributed deployment architectures

that process skeletal data locally. The comprehensive ablation

study reveals that individual pose features are fundamental to

violence detection, while complex interpersonal and motion

dynamics prove largely redundant, enabling computational op-

timization. The systematic evaluation demonstrates strong per-

formance compared to state-of-the-art methods. Unlike black-

box CNN methods, the proposed approach reveals biologi-

cally plausible patterns where individual body configuration

emerges as the primary violence indicator, enhancing system

interpretability and trustworthiness for security applications.

The complementary architectures offer flexible deployment

options with different precision-recall trade-offs. However,

important limitations must be acknowledged. The evaluation

remains constrained to controlled indoor environments with

a relatively small dataset, raising concerns about real-world

generalizability. Action classification performance remains

modest due to class imbalance issues, and the approach’s

dependence on accurate pose estimation may introduce vulner-

abilities in crowded or occluded scenes. Additionally, privacy

enhancement is relative-skeletal coordinates reduce but do not

eliminate identifying information compared to raw video pro-

cessing. Despite these limitations, this pose-based framework

establishes a new paradigm for surveillance deployment that

balances detection performance with enhanced privacy preser-

vation potential. Future research should prioritize validation

across diverse outdoor datasets, targeted data augmentation

strategies for class imbalance, automated annotation pipelines

for scalability, and robustness evaluation with uncertainty

quantification for degraded pose estimation scenarios.
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