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Abstract: The increasing prevalence of violent incidents in public spaces has created a pressing need 

for intelligent surveillance systems capable of real-time violence detection. Traditional manual 

monitoring methods are often inefficient and error-prone, emphasizing the necessity for automated 

solutions that can quickly identify and respond to violent behaviours. This project addresses this 

issue by developing a violence detection system using advanced computer vision and machine 

learning techniques to analyse video footage and detect violent activities. The system aims to 

enhance public safety by providing an automated mechanism for identifying violent events in 

surveillance videos through a combination of Convolutional Neural Networks (CNNs) and Long 

Short-Term Memory (LSTM) networks, which extract spatial and temporal features from video 

frames—CNNs capturing spatial patterns and LSTMs analysing dynamic temporal sequences. 

Overall, the proposed system offers a robust and efficient approach to improving public security by 

automating violence detection, thereby enhancing response times and reducing dependence on 

manual monitoring. Future improvements may involve incorporating multi-modal data sources, 

such as audio and sensor inputs, to further boost detection accuracy and system reliability. 
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I. INTRODUCTION 

The increasing need for public safety and security has led to a rapid expansion in the use of surveillance 

systems across various sectors, including transportation hubs, educational institutions, commercial 

spaces, and urban centres. However, traditional surveillance still relies heavily on human operators, 

whose ability to monitor and respond to suspicious activities is inherently limited by factors such as 

fatigue, attention span, and workload. As a result, critical incidents, particularly acts of violence, may 

go unnoticed or receive delayed responses, undermining the effectiveness of security measures. 

The advent of artificial intelligence (AI) and deep learning has introduced new possibilities for 

automating surveillance tasks, enabling systems to detect violent behaviour autonomously and in real-

time. Among various AI techniques, 3D Convolutional Neural Networks (3D CNNs) have demonstrated 

exceptional promise by capturing spatial and temporal information from video data. This project 

focuses on designing and implementing an automatic violence detection system utilizing 3D CNNs and 

pre-trained action recognition models, offering a scalable and efficient solution for modern video 

surveillance infrastructures. 

 

A. Background: Violence detection systems have emerged as a critical component in modern 

surveillance and safety applications, driven by the growing need to ensure public security in 
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spaces such as schools, transportation hubs, and urban areas. These systems leverage advances 

in computer vision, deep learning, and artificial intelligence to automatically identify violent 

behaviour in video feeds or audio streams, enabling real-time alerts and rapid response. 

Traditional manual monitoring is often error-prone and inefficient, whereas automated systems 

offer scalable, consistent, and faster alternatives. By analysing patterns such as sudden 

movements, aggressive postures, or abnormal audio cues, violence detection technologies aim 

to prevent escalation and support proactive intervention in potentially dangerous situations. 

 

B. Motivation: The rising frequency of violent incidents in public spaces poses a serious threat to 

societal safety. Traditional surveillance systems, dependent on human vigilance, are often 

inadequate in promptly identifying and responding to these threats. Delayed detection not only 

increases the risk of escalation but also diminishes the opportunity for timely intervention by 

security forces. Motivated by these challenges, the development of an automatic violence 

detection system presents an opportunity to significantly enhance surveillance capabilities. By 

integrating advanced deep learning models capable of real-time video analysis, it is possible to 

reduce reliance on manual monitoring, minimize human error, and ensure quicker response 

times to potentially dangerous situations. Furthermore, the system has the potential to operate 

effectively under practical constraints such as video compression, bandwidth limitations, and 

varying video qualities, making it viable for real-world deployment. 

 

C. Objectives: The objective of this work is to design and implement a deep learning-based violence 

detection system using 3D Convolutional Neural Network (CNN) architectures and pre-trained 

models. The system aims to enhance detection accuracy while minimizing computational 

complexity, making it suitable for real-time deployment. Performance will be evaluated using 

publicly available video datasets that include diverse and challenging violence-related scenarios. 

Additionally, the system is designed to be robust against video compression artifacts, reflecting 

the variable video quality typically encountered in real-world surveillance applications. 

 

II. RELATED WORK 

The concept of automated violence detection has garnered significant attention in recent years, 

particularly as advancements in machine learning, computer vision, and natural language processing 

(NLP) have made real-time video and audio analysis increasingly feasible. Numerous studies and 

projects have sought to address the challenges of violence detection through various methodologies, 

ranging from traditional image processing techniques to more sophisticated deep learning models. 

 

1. Computer Vision-Based Violence Detection: 

Early approaches to violence detection relied heavily on conventional image processing 

techniques, such as motion tracking and feature extraction. These methods focused on detecting 

physical movements or objects involved in violent actions, such as weapons or aggressive 

gestures. However, these systems were limited by their inability to capture complex, dynamic 
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behaviours and often required predefined rules that could not generalize well across different 

scenarios. 

In more recent work, Convolutional Neural Networks (CNNs) have become the cornerstone of 

violence detection. CNNs are highly effective at image classification tasks due to their ability to 

automatically learn hierarchical features from raw pixel data. For example, a study by Zhao et al. 

(2018) used CNNs to classify actions from video frames, achieving notable accuracy in detecting 

violent behaviour like fighting. The work demonstrated the potential of deep learning models to 

extract nuanced patterns from video, improving the system's robustness against varied and 

unpredictable scenarios. 

 

2. Video Action Recognition Using LSTM: 

While CNNs excel at analysing individual frames, they struggle to capture the temporal 

dependencies between frames, which are crucial for detecting violent actions that evolve over 

time. To overcome this limitation, Long Short-Term Memory (LSTM) networks, a type of recurrent 

neural network (RNN), have been incorporated into violence detection systems. LSTMs are 

capable of retaining information over longer sequences, making them ideal for action recognition 

tasks where context and temporal patterns are critical. 

For example, Karpathy et al. (2014) explored the use of LSTMs for activity recognition in videos, 

showing that sequential models could significantly improve the classification of dynamic 

behaviours like violence. More recently, Yao et al. (2020) developed a violence detection model 

combining CNNs and LSTMs, achieving state-of-the-art results by incorporating both spatial and 

temporal features from video data. 

 

3. Multimodal Approaches: Audio and Video Analysis: 

The integration of audio analysis alongside video data has been another promising direction in 

violence detection research. While video analysis provides visual cues, such as body movements 

and facial expressions, audio data can offer additional context, such as loud noises, shouting, or 

alarm sounds, which are often associated with violent incidents. By combining both modalities, 

researchers able to improve detection accuracy and reduce the likelihood of false positives. 

For instance, Dai et al. (2019) explored multimodal approaches by combining CNNs for video 

analysis with Recurrent Neural Networks (RNNs) for audio analysis. Their model demonstrated 

the advantages of considering both visual and acoustic cues for detecting violence in videos, 

outperforming models that used only a single modality. Additionally, Xie et al. (2020) 

implemented a similar approach in a surveillance setting, they used deep learning models to 

simultaneously process audio and visual streams for more reliable real-time violence detection. 

 

4. Real-World Applications and Challenges: 

Despite the promising results from various research efforts, several challenges remain in 

deploying violence detection systems in real-world settings. False positives, where non-violent 

behaviours are incorrectly flagged as violent, continue to be a significant issue. Many systems 
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struggle to distinguish between aggressive actions and ordinary behaviours, especially in complex 

environments such as crowded public spaces or schools. 

Moreover, privacy concerns are another critical issue. Many of the existing violence detection 

systems rely on the continuous recording and analysis of video data, raising concerns about the 

ethical use of surveillance in public spaces. Systems that respect privacy while maintaining high 

accuracy remain an ongoing area of research. A notable contribution in this space is the work by 

Sarker et al. (2021), who proposed a privacy-preserving violence detection system using local 

processing techniques and edge computing to minimize data storage and transmission, thereby 

reducing privacy risks. 

 

5. Applications in Public Safety: 

The deployment of automated violence detection systems in public spaces has significant 

potential for improving safety and response times. Several studies have explored using these 

systems in environments such as schools, transportation hubs, and sports arenas, where crowd 

control and public safety are of utmost concern. For instance, Chen et al. (2017) demonstrated 

the use of violence detection in schools, helping security personnel identify and respond to 

incidents quickly, potentially preventing escalation. 

In parallel, Gao et al. (2019) developed a system for detecting violent incidents in transportation 

areas, integrating video surveillance with automatic alert mechanisms to reduce the likelihood of 

incidents going unnoticed by human monitors. These systems have proven especially valuable in 

high-risk environments, where real-time responses are essential.  

 

III. METHODOLOGY 

A. System Architecture: 

The violence detection system begins with the video source, which serves as the raw input 

provider. It can accept either live CCTV feeds or stored video files, forming the basis of the 

processing pipeline. Next, the frame extraction component processes the input video by 

extracting individual frames or sequences of frames. This stage may include preprocessing 

techniques such as resizing, normalization, and frame differencing to highlight motion and 

prepare the data for analysis. 

The core of the system is the violence detection module, which employs a 3D Convolutional 

Neural Network (3D CNN) or an Inflated 3D (I3D) model. These models are capable of learning 

spatiotemporal features from sequences of frames, enabling them to identify patterns of violent 

behaviour with high accuracy. 

Upon detecting violence, the system triggers the alert generation module. This component sends 

real-time notifications through various channels, such as email, SMS, or messages displayed on a 

web dashboard, ensuring immediate awareness of potential threats.  

All detected incidents are recorded by the incident logging module, which stores critical metadata 

such as the timestamp, location, alert type, and a snapshot of the relevant video segment into a 

centralized database for later review and analysis. 
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Finally, the web dashboard interface provides a user-friendly, admin-facing portal for monitoring 

the system. It offers live video feeds, a history of past incidents, and status reports, enabling 

security personnel to oversee operations efficiently and respond promptly to any threats. 

 

 
Figure 1: System Architecture 

 

B. Proposed Algorithm: 

• 3D Convolutional Neural Network (3D CNN) Based Violence Detection:  

The primary objective of this system is to classify video clips as either violent or non-violent 

by leveraging both spatial and temporal information present in video data. The process 

begins with acquiring input video, either from a live camera feed or a pre-recorded source. 

The video is then divided into shorter clips, typically composed of 16 consecutive frames, to 

capture short-term temporal dynamics effectively. 

Next, each frame undergoes preprocessing, where it is resized to a fixed dimension such as 

112x112 pixels and normalized so that pixel values fall within the range [0, 1]. This ensures 

consistency across input data and prepares it for deep learning-based feature extraction. 
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The preprocessed clips are then fed into a 3D CNN model, which applies 3D convolutional 

layers to learn both spatial features (e.g., object shapes and positions) and temporal features 

(e.g., motion patterns). 3D pooling layers further reduce the spatial and temporal 

dimensions, and the resulting feature maps are flattened and passed through fully 

connected layers to complete the learning process. 

The classification stage produces a probability score indicating whether the clip is violent or 

non-violent. A threshold is applied for instance, if the probability of violence exceeds 0.5, the 

clip is classified as "Violent." If violence is detected, the system immediately triggers an alert, 

supporting real-time response in surveillance applications. 

A key advantage of this approach lies in its ability to analyse motion and appearance jointly, 

unlike traditional 2D CNNs, which only process spatial features. This integration of temporal 

data significantly improves the system's ability to detect subtle or fast-moving violent 

behaviours, making it well-suited for practical, real-world deployments. 

 

• Pre-trained I3D (Inflated 3D) Model Fine-Tuning: 

This algorithm focuses on fine-tuning a pre-trained I3D (Inflated 3D) model to enhance the 

performance of violence detection through transfer learning. The primary objective is to 

leverage the knowledge learned from large-scale action recognition datasets, such as 

Kinetics-400, and adapt it to the binary classification task of identifying violent versus non-

violent video clips. The process begins with the selection of a pre-trained I3D model, which 

is known for its ability to capture spatiotemporal features. The model is then modified by 

replacing the final classification layers to suit the specific task of violence detection. In the 

fine-tuning stage, the early convolutional layers are frozen to retain general low-level 

features, while the final few layers are trained on a violence-specific dataset. To improve 

robustness and reduce overfitting, data augmentation techniques such as random cropping 

and flipping are applied to increase the diversity of the training data. 

During training, the model is optimized using the Adam optimizer along with a binary cross-

entropy loss function. A learning rate scheduler is used to ensure gradual convergence. To 

prevent overfitting, the model is validated after each epoch, and early stopping is 

implemented if there is no improvement in validation loss. 

Finally, the fine-tuned model is saved and deployed for real-time inference on surveillance 

video streams. A key advantage of this approach is that it significantly reduces training time 

and improves generalization performance by building upon features learned from large, 

diverse datasets rather than training from scratch. 

 

C. Algorithm: 

1. Video Input:  

Capture video stream or load stored video file. 

2. Frame Extraction:  

Divide the video into short clips of fixed length (e.g., 16 consecutive frames). 
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3. Preprocessing:  

Resize each frame to a fixed resolution (e.g., 112x112 pixels).  

Normalize pixel values to the range [0, 1]. 

4. Feature Extraction (Spatial): 

For each frame, extract spatial features using a pre-trained 2D CNN (e.g., ResNet or VGG). 

Freeze early CNN layers or fine-tune as needed. 

5. Sequence Formation: 

Arrange extracted features from frames sequentially to form a time series. 

6. Temporal Modelling: 

Pass the sequence of features through an LSTM network to learn temporal dependencies. 

7. Classification: 

Feed LSTM outputs into fully connected dense layers. 

Apply sigmoid activation to obtain probability scores for violence. 

8. Thresholding: 

If violence probability > 0.5, classify the clip as “Violent,” else “Non-Violent.” 

9. Incident Logging (Optional): 

Record incident details such as timestamp, video clip, and classification result. 

 

IV. RESULT 

A. Interface: 

 

 
Figure 2: User Interface 

 

This image is the user interface of the project where you can choose any video file from the system 

for checking if it’s violent or not, and if violent then what percentage of the video is actually violent. 
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B. Performance: 

 
Figure 3: Model Performance 

 

The fine-tuned 3D CNN and I3D models demonstrated strong performance across benchmark 

datasets, showcasing their effectiveness in detecting violent activities. On the Hockey Fight dataset, 

the models achieved an accuracy of 92.4%, while on the Violent-Flows dataset, they reached an 

accuracy of 91.7%. These results highlight the models’ generalizability and robustness across different 

video-based violence detection challenges. 

In addition to high accuracy, the system also delivered impressive precision and recall values. The 

precision reached 93%, indicating a low false positive rate, while the recall (sensitivity) was 90%, 

reflecting the model’s ability to correctly identify violent instances. The resulting F1-score of 91.5% 

suggests a well-balanced performance between precision and recall. 

Overall, the system effectively identified violent behaviours across a variety of scenarios, including 

physical altercations, assaults, and other aggressive interactions. This indicates its practical 

applicability in real-world surveillance settings, where timely and accurate detection of violent events 

is critical. 

 

V. FUTURE WORK 

While the current violence detection system demonstrates strong performance, there are several 

directions in which it can be further improved. One major enhancement involves transitioning from a 

binary classification approach to multiclass action recognition, enabling the system to distinguish 

between specific violent behaviours such as fighting, robbery, and assault. Additionally, expanding the 

training data with real-world datasets including videos captured in varied conditions such as low light, 

crowded scenes, and adverse weather can improve model robustness and generalizability. 
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Further advancement can be achieved by making the system more suitable for edge deployment. 

Techniques such as model pruning, quantization, and knowledge distillation can help optimize 

performance on resource-constrained devices like smart cameras. Moreover, the integration of 

unsupervised anomaly detection methods could allow the system to identify new or unexpected 

violent behaviours without relying solely on labelled training data. To ensure ethical deployment, 

incorporating privacy-preserving techniques like federated learning or on-device inference would help 

maintain data confidentiality. Finally, connecting the system to automated emergency response 

systems could significantly reduce response times during violent incidents, enhancing its real-world 

utility and impact. 

 

VI. CONCLUSION 

The development and evaluation of the Automatic Violence Detection System using 3D Convolutional 

Neural Networks (CNNs) demonstrate the feasibility and effectiveness of integrating deep learning 

into real-time surveillance. By leveraging a fine-tuned 3D CNN and pre-trained Inflated 3D (I3D) 

models, the system achieved high accuracy exceeding 91% in identifying violent activities across 

diverse benchmark datasets and varying video conditions. This strong performance validates the use 

of deep learning for extracting meaningful spatial-temporal features crucial to detecting complex 

human behaviours like violence. 

The system effectively addresses key limitations of manual surveillance, including human error, 

delayed reaction, and fatigue. It provides consistent real-time detection with minimal latency, 

supports automated incident logging, and integrates with a web-based dashboard for efficient 

monitoring and reporting. Key conclusions from this work highlight the viability of real-time violence 

detection using optimized models that remain robust even under degraded video quality, such as in 

low-light or compressed footage. Additionally, the inclusion of automated alerts and incident records 

enhances the practical value for security operations. Overall, the project successfully fulfills its initial 

objectives and presents a scalable, reliable, and intelligent solution for improving public and private 

safety through automated surveillance systems. 
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