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Introduction 

Violence detection in video surveillance systems is a critical task in ensuring public safety and 

security. Traditional methods using handcrafted features have paved the way for more 

sophisticated techniques involving deep learning models. This review aims to provide a 

comprehensive overview of the current state of violence detection research, categorizing different 

methodologies, identifying research gaps, and suggesting future research directions. 

 

Abstract 

Violence detection in video surveillance systems is a critical task that has garnered 

significant attention across research and industry domains. 

This literature review explores various approaches to violence detection in video 

surveillance systems, encompassing traditional methods using handcrafted features and 

advanced deep learning models. This  review provides a comprehensive exploration of 

diverse methodologies employed in this field, ranging from fundamental approaches 

leveraging handcrafted features to cutting-edge deep learning models. The review covers 

motion-based detection methods, deep learning-based approaches, hybrid models, 

comparative analyses of methodologies, and real-world applications and datasets. By 

examining these diverse techniques, the study aims to highlight the strengths, 

weaknesses, and future directions in violence detection research. The review categorizes 

these methodologies into motion-based detection methods, deep learning-based 

approaches, hybrid models combining multiple techniques, comparative analyses of 

methodologies, and practical applications using real-world datasets. 
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Scope of Studies: 

The scope of this review includes a wide range of studies on violence detection, from traditional 

approaches to modern deep learning techniques. Specifically, the review covers: 

 Motion-based detection methods: Techniques that rely on analyzing movement patterns in video 

frames to identify violent actions. 

 Deep learning-based approaches: Methods leveraging neural networks to automatically learn 

features from large datasets. 

 Hybrid models: Approaches that combine different techniques to enhance the robustness and 

accuracy of violence detection. 

 Comparative analysis: Evaluation of various methodologies to understand their strengths, 

weaknesses, and suitability for different scenarios. 

 Real-world applications and datasets: Practical implementations of violence detection systems in 

real-world settings and the use of benchmark datasets for standardized testing. 

 

Classification of Methodologies 

Motion-based Detection Methods 

Motion-based detection methods analyze the movement within video frames to detect violence. 

These methods often rely on tracking the motion patterns and changes to identify potentially 

violent actions. 

 

1. MoBSIFT and Movement Filtering Algorithm (Febin et al., 2020) [2] 

o Description: This method combines the Scale-Invariant Feature Transform (SIFT) with a 

movement filtering algorithm to detect violent actions in video sequences. SIFT features are robust 

descriptors used to identify and track key points in images, making them effective for motion 

analysis. The movement filtering algorithm further refines the detection by focusing on significant 

motion patterns indicative of violence. 

o Advantages: Robust to variations in scale and rotation; effective in detecting significant 

movements. 

o Disadvantages: May struggle with complex scenes and require substantial computational 

resources for real-time applications. 

 

2. Space-Time Interest Points (STIP) (Laptev, 2005) [14] 

o Description: STIP identifies significant changes in motion across both spatial and temporal 

dimensions. This method extracts interest points where there is substantial movement, capturing 

the essence of dynamic actions within a video. 

o Advantages: Capable of capturing both spatial and temporal aspects of motion; effective for 

various action recognition tasks. 

o Disadvantages: Computationally intensive; may not perform well in low-resolution videos. 

 

3. Improved Trajectories (Wang and Schmid, 2013) [15] 

o Description: This method enhances trajectory-based features by using dense trajectories and 

motion boundary histograms. Improved Trajectories track dense points within the video frames 

and analyze their movement patterns, making it possible to identify complex actions like violence. 

o Advantages: High accuracy in capturing motion details; robust to background clutter. 

o Disadvantages: High computational complexity; may require significant preprocessing. 

 

Deep Learning-Based Approaches 
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Deep learning approaches leverage neural networks to automatically learn features from video 

data, providing significant advancements over traditional methods. 

 

1. 3D Convolutional Neural Networks (3D CNNs) 

o Ullah et al. (2019) [13] and Song et al. (2019) [12] 

 Description: 3D CNNs extend traditional 2D convolutional networks to the temporal dimension, 

allowing them to extract spatiotemporal features from video data. These models can capture 

motion and appearance features simultaneously, making them highly effective for violence 

detection. 

 Advantages: High accuracy; can capture complex spatiotemporal patterns. 

 Disadvantages: Requires large amounts of data; computationally intensive. 

 

2. Convolutional Long Short-Term Memory (ConvLSTM) 

o Sudhakaran and Lanz (2017) [9] 

 Description: ConvLSTM combines convolutional layers with Long Short-Term Memory (LSTM) 

networks, enabling the capture of both spatial features and temporal dependencies. This hybrid 

architecture is particularly effective for sequential data like videos. 

 Advantages: Captures long-range dependencies; effective for sequential data. 

 Disadvantages: Computationally demanding; may require fine-tuning for optimal performance. 

 

3. CNN-BiLSTM Models 

o Halder and Chatterjee (2020) [11] 

 Description: This approach uses Convolutional Neural Networks (CNNs) to extract spatial features 

and Bidirectional Long Short-Term Memory (BiLSTM) networks to understand temporal 

dependencies. The bidirectional nature allows the model to consider information from both past 

and future frames. 

 Advantages: Improved temporal understanding; balances spatial and temporal feature extraction. 

 Disadvantages: Higher computational requirements; complexity in model training. 

 

Hybrid Models Combining Multiple Techniques 

Hybrid models aim to leverage the strengths of various techniques to enhance the robustness and 

accuracy of violence detection systems. 

1. AI-assisted Edge Vision (Ullah et al., 2021) [4] 

o Description: This system integrates AI with edge computing for real-time violence detection in 

IoT-based surveillance networks. The approach combines advanced AI algorithms with edge 

devices, enabling efficient and timely analysis of video data. 

o Advantages: Real-time processing; suitable for distributed surveillance networks. 

o Disadvantages: Dependence on edge device capabilities; potential network latency issues. 

 

2. 4D Convolutional Neural Networks (Magdy et al., 2023) [5] 

o Description: The 4D CNN extends traditional CNNs by adding an extra dimension to capture 

comprehensive spatiotemporal features. This approach aims to improve the detection of complex 

actions in videos. 

o Advantages: Enhanced feature extraction; captures intricate spatiotemporal patterns. 

o Disadvantages: Extremely computationally intensive; requires significant memory. 

 

3. Tuna Swarm Algorithm with Deep Learning (Aldehim et al., 2023) [7] 
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o Description: This method combines the Tuna Swarm Algorithm, an optimization algorithm, with 

deep learning models to enhance violence detection. The optimization algorithm fine-tunes the 

deep learning model, improving its performance. 

o Advantages: Improved detection accuracy; efficient model optimization. 

o Disadvantages: Complexity in algorithm integration; computationally demanding. 

Comparative Analysis of Methodologies 

Performance Metrics 

Performance metrics are critical for evaluating the effectiveness of violence detection systems. 

Common metrics include: 

1. Accuracy: Measures the overall correctness of the detection system by comparing the number 

of correct predictions to the total number of predictions. 

o Importance: High accuracy indicates a reliable system that can correctly identify violent actions 

most of the time. 

2. Precision and Recall: 

o Precision: The ratio of correctly identified violent actions to the total number of actions identified 

as violent. High precision indicates fewer false positives. 

o Recall: The ratio of correctly identified violent actions to the total number of actual violent 

actions. High recall indicates fewer false negatives. 

o Importance: Both metrics are crucial for balancing the trade-off between false positives and false 

negatives. 

 

3. F1-Score: The harmonic mean of precision and recall, providing a single metric that balances 

both. 

o Importance: Useful when there is an uneven class distribution or when both precision and recall 

are equally important. 

 

4. Processing Time: Measures the efficiency of the detection method in terms of time required to 

process video data. 

o Importance: Critical for real-time applications where quick detection is necessary to respond to 

violent actions promptly. 

 

Scalability and Generalization 

1. Scalability: The ability of methods to handle larger datasets and more complex scenarios. 

o Importance: Essential for practical applications where surveillance systems must process vast 

amounts of data continuously. 

2. Generalization: The robustness of methods to variations in environmental conditions, such as 

different lighting, camera angles, and background activities. 

o Importance: Ensures the detection system performs well across various real-world scenarios and 

conditions. 

 

Computational Complexity 

1. Memory Usage: The amount of memory required to process video data, which impacts the 

feasibility of deploying the method on different hardware platforms. 

o Importance: Lower memory usage is advantageous for real-time applications and edge devices 

with limited resources. 
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2. Processing Power: The computational resources needed to perform violence detection in real-

time. 

o Importance: Efficient methods with lower processing power requirements are more suitable for 

deployment in practical surveillance systems, especially in resource-constrained environments. 

By examining these methodologies and performance metrics, the review aims to provide a 

comprehensive understanding of the current state of violence detection research, highlighting the 

strengths and weaknesses of different approaches and guiding future advancements in this critical 

field.[40] 

 

Challenges 

1. Data Diversity 

o Description: Video data in surveillance systems exhibits significant variability due to factors such 

as different camera angles, lighting conditions, and varying background activities. 

o Impact: This diversity poses challenges for violence detection algorithms, as they must be robust 

enough to recognize violent actions across different environments and under various conditions. 

o Solution Approaches: 

 Data Augmentation: Employ techniques to artificially increase the diversity of training data, 

simulating different lighting conditions, camera viewpoints, and backgrounds. 

 Transfer Learning: Adapt models trained on one dataset to perform effectively on new, diverse 

datasets by leveraging domain adaptation techniques. 

 

2. False Positives/Negatives 

o Description: Achieving a balance between precision (minimizing false positives) and recall 

(minimizing false negatives) is critical for effective violence detection. 

o Impact: High false positive rates can lead to unnecessary alerts and strain on monitoring 

resources, while high false negative rates compromise the system's ability to detect actual violent 

incidents. 

o Solution Approaches: 

 Threshold Adjustment: Fine-tune detection thresholds to optimize the trade-off between 

precision and recall based on specific application requirements. 

 Advanced Algorithms: Implement advanced machine learning algorithms that can learn nuanced 

patterns of violent behavior to reduce false alarms. 

 Ensemble Methods: Combine multiple detectors or classifiers to improve overall detection 

accuracy and reliability. 

 

3. Scalability 

o Description: As video surveillance systems grow, the ability of violence detection methods to 

scale efficiently with increasing data sizes becomes crucial. 

o Impact: Scalability issues can lead to performance degradation, longer processing times, and 

increased computational resource requirements. 

 

o Solution Approaches: 

 Distributed Computing: Implement distributed systems where computational tasks are 

distributed across multiple nodes or GPUs to handle large volumes of video data. 

 Efficient Algorithms: Develop algorithms that are optimized for parallel processing and can 

efficiently utilize hardware resources. 
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 Edge Computing: Utilize edge computing to perform initial processing and filtering of video data 

closer to the source, reducing the load on centralized servers. 

 

4. Integration with Existing Systems 

o Description: Integrating new violence detection methods seamlessly into existing surveillance 

infrastructure poses integration challenges. 

o Impact: Compatibility issues and operational disruptions may arise when deploying new 

detection technologies alongside legacy systems. 

 

o Solution Approaches: 

 APIs and Standards: Design detection systems with well-defined APIs and adhere to industry 

standards to facilitate interoperability with existing surveillance platforms. 

 Modular Design: Adopt a modular approach to system design, allowing components to be easily 

replaced or upgraded without significant disruption. 

 Testing and Validation: Conduct rigorous testing and validation to ensure the new detection 

methods integrate smoothly and effectively with existing surveillance operations. 

Addressing these challenges requires a combination of technological innovation, robust algorithm 

development, and careful consideration of real-world deployment scenarios. By tackling these 

issues, researchers and developers can advance the capabilities of violence detection systems, 

making them more reliable, efficient, and adaptable to diverse surveillance environments. 

 

Research Gaps and Future Directions 

Research Gaps 

Despite significant advancements in violence detection, several research gaps and challenges 

remain: 

 

1. Limited Generalization 

o Current Situation: Many models exhibit strong performance on specific datasets but struggle 

when applied to different environments or new datasets. This lack of generalization limits the 

practical applicability of these models in diverse real-world scenarios. 

o Challenges: 

 Variations in lighting, camera angles, and background activities across different environments. 

 Different cultural and contextual interpretations of violent actions. 

 Limited training data representing the wide variety of real-world conditions. 

 

2. High Computational Demand 

o Current Situation: Deep learning models, particularly those involving 3D CNNs and ConvLSTMs, 

require substantial computational resources, including powerful GPUs and significant memory. 

o Challenges: 

 High computational cost limits the deployment of these models in real-time surveillance 

systems, especially in resource-constrained environments. 

 Increased power consumption and operational costs. 

 Need for specialized hardware, which may not be feasible for widespread deployment. 

 

3. Lack of Standardized Benchmarks 
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o Current Situation: The inconsistent use of benchmark datasets across studies hinders the 

comparability of different methods. Researchers often use custom datasets or modify existing 

ones, making it difficult to assess the true performance of various approaches. 

o Challenges: 

 Difficulty in comparing and reproducing results across studies. 

 Lack of standardized evaluation metrics and protocols. 

 Fragmentation in the research community, slowing down the overall progress. 

 

4. Real-Time Challenges 

o Current Situation: Ensuring low-latency processing for real-time surveillance applications 

remains a challenge due to the high computational demand and the need for quick decision-

making. 

o Challenges: 

 Balancing the trade-off between accuracy and processing speed. 

 Managing data throughput and latency in real-time systems. 

 Integrating detection systems with existing surveillance infrastructure without compromising 

performance. 

 

Future Research Directions 

Future research should focus on addressing these gaps and overcoming the challenges to advance 

the field of violence detection: 

1. Improved Generalization 

o Approaches: 

 Transfer Learning: Utilize transfer learning techniques to adapt pre-trained models to new 

datasets and environments. 

 Data Augmentation: Implement extensive data augmentation strategies to simulate a variety of 

real-world conditions and improve model robustness. 

 Domain Adaptation: Develop domain adaptation techniques to minimize the performance gap 

between the training and target domains. 

 

2. Efficient Algorithms 

o Approaches: 

 Model Compression: Employ model compression techniques such as pruning, quantization, and 

knowledge distillation to reduce the size and computational complexity of deep learning models. 

 Lightweight Architectures: Design lightweight neural network architectures tailored for low-

power devices and real-time processing. 

 Optimization Algorithms: Explore advanced optimization algorithms to speed up training and 

inference without sacrificing accuracy. 

 

3. Standardized Datasets 

o Approaches: 

 Benchmark Creation: Establish standardized benchmark datasets that encompass a wide range of 

scenarios, environments, and types of violent actions. 

 Evaluation Protocols: Develop and adopt uniform evaluation protocols and metrics to ensure 

consistent assessment of different methods. 

 Open Access: Promote open access to datasets and encourage the research community to 

contribute to and use these benchmarks. 
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4. Edge Computing 

o Approaches: 

 Edge AI: Leverage edge computing to process video data closer to the source, reducing latency 

and bandwidth requirements. 

 Distributed Systems: Implement distributed surveillance systems where computational tasks are 

shared between edge devices and central servers. 

 Adaptive Models: Design adaptive models that can dynamically adjust their complexity based on 

the available computational resources. 

 

5. Multimodal Approaches 

o Approaches: 

 Sensor Fusion: Integrate data from multiple sensors, such as audio, text, and video, to enhance 

the understanding of violent actions. 

 Multimodal Learning: Develop multimodal learning frameworks that can process and combine 

different types of data, improving the overall accuracy and robustness of violence detection 

systems. 

 Contextual Analysis: Incorporate contextual information, such as location and time, to provide a 

more comprehensive analysis of the detected violent actions. 

By focusing on these future research directions, the field of violence detection can achieve 

significant advancements, leading to more robust, efficient, and practical solutions for real-world 

applications. 

 

Conclusion 

This review highlights the diversity of approaches in violence detection, ranging from traditional 

handcrafted feature methods to advanced deep learning models. 

The literature on violence detection in intelligent surveillance systems reveals significant 

advancements in methodologies and applications. While deep learning and hybrid models show 

promise in improving detection accuracy, challenges related to real-time processing and While 

significant progress has been made, challenges remain in generalization, computational efficiency, 

and real-time applicability.  Addressing these challenges through advanced technologies and 

comprehensive datasets will be crucial for the future development of reliable and efficient violence 

detection systems. Future research should focus on addressing these gaps, improving model 

robustness, and leveraging emerging technologies like edge computing for enhanced violence 

detection in video surveillance systems. 
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