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ABSTRACT: Smart surveillance systems play a growing role in keeping public, commercial, and institutional spaces 

safe. Traditional monitoring depends on people watching video feeds, which can be inefficient and slow to respond. 

This research introduces an AI-powered real-time surveillance system that can detect abnormal activities like violence, 

robbery, fighting, accidents, and unusual object movement in live video. The system uses a Slow-Fast 3D 

Convolutional Neural Network (SF-3D CNN) to capture both spatial and motion features. By analyzing video at 

different frame rates, the model can tell abnormal from normal behavior in places like colleges, hotels, public areas, 

and smart cities. When it detects suspicious events, the system automatically alerts the right authorities. Tests show the 

system can classify multiple types of abnormal activity accurately and efficiently, making it practical for real-world 

use.  
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I. INTRODUCTION 

 

A rise in anti-social activities like violence, robbery, fighting, and accidents in both public and private places has 

increased the need for smarter surveillance systems. Traditional CCTV relies on people watching many video feeds, 

which can cause fatigue, missed incidents, and slow responses. This research offers an AI-based surveillance system 

that combines Slow-Fast CNN and 3D CNN models to spot abnormal movements of people, vehicles, and objects in 

real time. When the system detects suspicious activity, it automatically sends alerts to the right authorities, such as 

college staff for campus fights or hotel managers for robbery attempts. 

 

II. REVIEWS 

 

Toward Fast and Accurate Violence Detection for Automated Video Surveillance Applications 

This study presents a deep learning framework designed for automatic detection of violent activities in surveillance 

footage using 3D Convolutional Neural Networks. Unlike earlier approaches that relied on handcrafted features, the 

proposed method directly learns spatial and temporal representations from raw video sequences. To enhance 

generalization, the authors combined multiple publicly available violence datasets during training. Transfer learning 

from pre-trained action recognition models was also applied to improve efficiency and accuracy. Experimental 

evaluation showed noticeable performance improvement over traditional methods, confirming that compact 3D CNN 

architectures are well-suited for real-world surveillance environments [1]. 

 

Remote Monitoring System Using Slow-Fast Deep CNN 

This paper proposes a dual-stream Slow-Fast CNN model aimed at identifying anti-social and abnormal behaviors in 

surveillance systems. The slow branch processes frames at a reduced frame rate to capture overall contextual 

information, while the fast branch analyzes frames at a higher rate to detect rapid movements. By separating temporal 

resolutions in this manner, the architecture effectively balances accuracy and computational cost. The authors report 

strong classification performance across multiple environments, demonstrating that the Slow-Fast structure can reliably 

capture dynamic behavioral patterns in real-time monitoring applications [2]. 
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Event Detection in Surveillance Videos: A Review 

This review article examines various techniques used in surveillance event detection and discusses well-known datasets 

such as TRECVid and VIRAT. The authors outline the evolution from handcrafted feature-based systems to modern 

deep learning approaches that integrate spatial and temporal modeling. Key challenges identified include occlusion, 

background clutter, environmental noise, and variability in event duration. The paper highlights the necessity of 

combining object detection, motion analysis, and temporal reasoning to achieve reliable abnormal activity detection. 

Overall, it provides a comprehensive theoretical basis for the adoption of 3D CNN and spatio-temporal learning models 

in surveillance research [3]. 

 

Advanced Detection of Violence From Video: Performance Evaluation of Transformer and CNN 

This research compares several deep learning architectures, including conventional CNN models and Vision 

Transformers, for the task of violence detection in video sequences. The authors evaluate model performance using 

standard metrics such as precision, recall, F1-score, and accuracy. Their findings indicate that transformer-based 

models perform strongly in frame-level classification tasks. However, the study primarily focuses on spatial analysis 

rather than modeling long-term temporal dependencies across video clips. The paper offers useful comparative insights 

into the strengths of different deep learning approaches for surveillance-based violence detection [4]. 

 

Enhancing Situational Awareness: Anomaly Detection Using Real-Time Video Across Multiple Domains 

This work introduces a real-time anomaly detection system designed to operate across various sectors, including public 

safety, traffic monitoring, and educational environments. The framework incorporates CNN, R-CNN, and YOLO 

models to identify unusual events in video streams. Practical challenges such as changing lighting conditions, dynamic 

backgrounds, and limited computational resources are addressed. Experimental results show that YOLO achieved the 

highest detection speed and accuracy among the evaluated models. Although the system primarily emphasizes object-

level detection, it underscores the importance of rapid response mechanisms and adaptable architectures in modern 

surveillance systems [5]. 

 

Multimodal Gesture Recognition Based on Attention Slow-Fast Fusion Networks 

This paper presents an enhanced Slow-Fast architecture integrated with an attention mechanism for dynamic gesture 

recognition. The dual-path model separates temporal and semantic feature extraction, where the slow branch captures 

long-term temporal patterns and the fast branch focuses on short, rapid movements. The attention module helps 

suppress irrelevant background information and highlight important motion regions. Evaluation on the IsoGD dataset 

demonstrates improved recognition accuracy compared to traditional CNN approaches. The findings illustrate how 

combining attention strategies with spatio-temporal modeling can strengthen activity recognition performance. 

 

Anomalous Video Event Detection Using Spatiotemporal Context 

This paper proposes a context-aware anomaly detection method that analyzes object trajectories across multiple 

semantic levels. Rather than examining isolated motion paths, the system considers point anomalies, sequential 

behavior changes, and interactions among multiple objects. A hierarchical mining strategy is used to model frequent 

normal patterns, and deviations from these learned patterns are classified as abnormal. Tests on real-world traffic 

surveillance datasets show that incorporating contextual and temporal information enhances detection reliability and 

reduces false alarms. 

 

Video Behaviour Profiling for Anomaly Detection 

This work introduces an unsupervised framework for identifying abnormal behavior patterns in surveillance videos 

using Dynamic Bayesian Networks. The method models normal activities by analyzing discrete scene events and 

grouping similar patterns through spectral clustering. An online Likelihood Ratio Test is then applied to distinguish 

between typical and unusual behaviors. The results show that the system can effectively detect anomalies without 

requiring labeled training data, making it suitable for large-scale and evolving surveillance environments. 

 

Real-Time Object Detection, Tracking, and Monitoring Framework for Security Surveillance Systems 

This study presents a practical surveillance framework that combines background subtraction, median filtering, and 

deep learning-based object detection for real-time monitoring. Implemented using Python and C#, the system is tested 

on MOT-Challenge datasets and demonstrates improved tracking precision and detection performance. Although the 

primary focus is object detection and tracking, the framework provides a strong foundation for integrating higher-level 

abnormal activity recognition modules within security surveillance systems. 
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Multiple Anomalous Activity Detection in Videos 

This paper proposes a multi-activity anomaly detection framework based on object tracking and rule-based behavioral 

analysis. Features such as speed, direction, centroid movement, and object dimensions are extracted to describe motion 

patterns. Domain-specific rules are then applied to classify activities as normal or abnormal. The system achieves up to 

90% detection accuracy and effectively identifies suspicious movements and unusual behavioral changes in 

surveillance footage. 

 

Identified Research Gap 

 

Representative Studies / 

Topics 

 

 

 

Observed Limitations How Recent Studies 

Address It 

 

Frame-level detection 

without motion modeling 

YOLO, R-CNN, CNN-

based object detection 

systems 

Detect objects but fail to 

understand activity or 

motion patterns over time 

Slow-Fast CNN and 3D 

CNN models capture both 

spatial context and 

temporal dynamics 

Single-class violence 

detection 

Binary violence detection 

models 

Limited generalization; 

cannot classify multiple 

abnormal activities 

Multi-class abnormal 

activity classification 

using deep spatio-

temporal networks 

High computational 

complexity in deep 

models 

Transformer-based 

surveillance models 

Heavy model size; not 

suitable for real-time 

deployment 

Lightweight Slow-Fast 

architectures with 

optimized temporal 

sampling 

Lack of real-time alert 

integration 

Traditional surveillance 

monitoring systems 

Human-dependent 

monitoring; delayed 

response 

Integration of AI 

detection with automated 

alert generation systems 

Poor generalization across 

environments 

Dataset-specific trained 

models 

Performance drops in new 

environments (colleges, 

hotels, public roads) 

Use of diverse datasets 

and transfer learning 

techniques for better 

robustness 
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III. PROPOSED ARCHITECTURAL DESIGN 

     Data Flow Design 
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IV. CONCLUSION 

 

The field of intelligent surveillance is undergoing significant transformation due to the integration of Artificial 

Intelligence and deep spatio-temporal learning techniques. Traditional CCTV systems that relied heavily on manual 

observation are being replaced by automated frameworks capable of detecting abnormal activities such as violence, 

robbery, fighting, accidents, and suspicious motion patterns in real time. The application of 3D Convolutional Neural 

Networks and Slow-Fast architectures has demonstrated strong capability in capturing both spatial context and rapid 

temporal dynamics, making them suitable for complex real-world surveillance environments. 

 

The convergence of these advancements demonstrates a clear shift toward scalable, intelligent, and real-time 

surveillance systems capable of supporting smart cities, institutional safety, commercial security, and critical 

infrastructure monitoring. With continuous improvements in computational efficiency and model optimization, AI-

based abnormal activity detection is moving steadily toward practical and large-scale operational deployment. 
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