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ABSTRACT 

The rapid growth of surveillance systems in public and private spaces has increased the demand for intelligent 

methods to automatically detect suspicious human activities. Traditional monitoring systems rely heavily on 

human operators, making them inefficient, time-consuming, and prone to errors. This project proposes a deep 

learning-based approach for recognizing suspicious human activities from surveillance video streams in real 

time. The system utilizes advanced computer vision techniques to analyze video frames and extract 

meaningful spatial and temporal features that represent human behavior. The proposed system employs deep 

learning models such as Convolutional Neural Networks (CNN) and Long Short-Term Memory (LSTM) 

networks to classify activities and identify abnormal or suspicious actions such as violence, loitering, or 

unauthorized access. Once such activities are detected, the system generates alerts and notifies relevant 

authorities for immediate response. This automated approach enhances surveillance efficiency, reduces human 

workload, and improves overall public safety by enabling proactive threat detection. 

Keywords:Suspicious human activity recognition, deep learning, computer vision, surveillance systems, 

convolutional neural networks, LSTM, video analysis, anomaly detection, real-time monitoring, intelligent 

surveillance, behavior analysis, public safety, automated alert system, AI-based detection, smart security. 
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I. INTRODUCTION 

With the increasing need for security in 

public and private environments, 

surveillance systems have become an 

essential component of modern 

infrastructure. However, traditional 

surveillance relies heavily on manual 

monitoring, where security personnel 

continuously observe video feeds to identify 

suspicious activities. This approach is not 

only labor-intensive but also prone to 

human error, fatigue, and delayed response 

times. As a result, many critical incidents go 

unnoticed or are detected too late, reducing 

the effectiveness of surveillance systems. 

Advancements in deep learning and 

computer vision have enabled the 

development of intelligent systems capable 

of automatically analyzing video data and 

recognizing human activities. Techniques 

such as Convolutional Neural Networks 

(CNN) are used for spatial feature 

extraction, while Recurrent Neural 

Networks (RNN) and Long Short-Term 

Memory (LSTM) models capture temporal 

patterns in video sequences. This project 

aims to leverage these technologies to build 

an automated system that can detect 

suspicious human behavior in real time, 

thereby improving security, reducing 

manual effort, and enabling faster response 

to potential threats. 

II. LITERATURE SURVEY 

1.Title: Deep Learning-Based Suspicious 

Activity Detection in Video Surveillance 

Authors: W. Sultani, C. Chen, and M. Shah 

Abstract: This study presents a deep 

learning-based approach for detecting 

anomalous and suspicious activities in 

surveillance videos. The system uses a 

combination of Convolutional Neural 

Networks (CNN) and temporal analysis to 

identify unusual patterns in video 

sequences. It learns normal behavior from 

training data and flags deviations as 

anomalies. The proposed method 

demonstrates high accuracy in detecting 

real-world suspicious events and reduces 

false alarm rates in complex environments. 

2.Title: Real-Time Human Activity 

Recognition Using CNN and LSTM 

Networks 

Authors: D. Tran, L. Bourdev, and R. 

Fergus 

Abstract: This research focuses on 

recognizing human activities from video 

streams using a hybrid deep learning model 

combining CNN and Long Short-Term 

Memory (LSTM) networks. CNN is used 

for spatial feature extraction, while LSTM 

captures temporal dependencies between 

frames. The system effectively classifies 

different human actions and can identify 

abnormal or suspicious activities in real 

time, improving surveillance efficiency. 

3.Title: Intelligent Video Surveillance for 

Anomaly Detection Using Deep Learning 

Authors: H. Wang and C. Schmid 

Abstract: This paper proposes an intelligent 

surveillance system that uses deep learning 

techniques to detect anomalies in video 

data. The system extracts motion patterns 

and behavioral features to distinguish 

between normal and abnormal activities. It 

is capable of identifying suspicious actions 

such as violence, running, and unusual 

crowd behavior. Experimental results show 

improved performance compared to 

traditional machine learning approaches. 

4.Title: Automated Suspicious Behavior 

Detection Using Computer Vision and AI 

Authors: K. He, X. Zhang, S. Ren, and J. 

Sun 

Abstract: This study introduces an AI-based 

system for detecting suspicious human 

behavior in surveillance videos using 

advanced computer vision techniques. The 

model employs deep residual networks 

(ResNet) to improve feature extraction and 

classification accuracy. The system can 

detect complex activities in real time and 

generate alerts when abnormal behavior is 
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observed, enhancing security monitoring in 

public spaces. 

5.Title: Video-Based Human Activity 

Recognition for Smart Surveillance 

Systems 

Authors: M. Ziaeefard and R. Bergevin 

Abstract:This research explores various 

approaches for human activity recognition 

in surveillance videos, focusing on machine 

learning and deep learning methods. The 

study highlights the importance of spatio-

temporal feature extraction for accurately 

identifying human actions. The proposed 

system can detect suspicious activities by 

analyzing behavior patterns and provides a 

scalable solution for smart surveillance 

applications. 

III. EXISTING SYSTEM 

Existing surveillance systems primarily 

depend on manual monitoring or basic 

motion detection techniques to identify 

suspicious activities. In traditional setups, 

security personnel are responsible for 

observing multiple video feeds 

simultaneously, which often leads to fatigue 

and reduced attention over time. Basic 

automated systems use rule-based 

algorithms or simple motion detection 

methods that can identify movement but 

lack the intelligence to understand the 

nature of the activity. These systems often 

generate false alarms due to environmental 

changes such as lighting variations, 

shadows, or non-threatening movements. 

Although some modern systems incorporate 

machine learning techniques, they are often 

limited to detecting predefined actions and 

lack the ability to generalize across different 

scenarios. These systems may struggle with 

complex activities, crowded environments, 

and variations in human behavior. 

Additionally, many existing solutions do not 

operate in real time or require significant 

computational resources, making them less 

practical for large-scale deployment. The 

lack of accurate and efficient activity 

recognition limits their effectiveness in 

ensuring public safety. 

IV. PROPOSED SYSTEM 

The proposed system introduces a deep 

learning-based framework for automatic 

detection of suspicious human activities 

from surveillance videos. The system 

captures video input from cameras and 

processes it into frames for analysis. A 

Convolutional Neural Network (CNN) is 

used to extract spatial features from each 

frame, while a Long Short-Term Memory 

(LSTM) network analyzes temporal 

relationships between consecutive frames. 

This combination enables the system to 

understand both appearance and motion 

patterns, allowing accurate classification of 

human activities. 

When suspicious behavior such as fighting, 

abnormal running, or unauthorized actions 

is detected, the system immediately 

generates alerts and sends notifications to 

concerned authorities. The system is 

designed to operate in real time, ensuring 

quick response and intervention. It also 

maintains a database of detected activities 

for future analysis and model improvement. 

This approach reduces human dependency, 

minimizes false alarms, and enhances the 

overall efficiency and reliability of 

surveillance systems. 

V. SYSTEM ARCHITECTURE 

The system architecture for suspicious 

human activity recognition is designed as a 

multi-stage pipeline that processes 

surveillance video data in real time. The 

first stage involves video acquisition, where 

input is captured from CCTV cameras or 

stored video datasets. The video is then 

divided into frames and passed to the 

preprocessing module, which performs 

operations such as noise reduction, resizing, 

and normalization to improve data quality. 

After preprocessing, the feature extraction 

module uses deep learning models like 
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Convolutional Neural Networks (CNN) to 

extract spatial features from each frame, 

capturing important visual information such 

as human posture, movement, and 

surrounding context. 

The extracted features are then fed into a 

temporal analysis module, typically based 

on Long Short-Term Memory (LSTM) 

networks or similar sequence models, which 

analyze the sequence of frames to 

understand motion and behavior patterns 

over time. The classification module uses 

these learned features to distinguish 

between normal and suspicious activities. 

Once a suspicious activity is detected, the 

system triggers an alert mechanism that 

sends notifications to authorities or security 

personnel. Additionally, the architecture 

includes a database for storing video logs 

and detected events, along with a user 

interface that allows real-time monitoring 

and review. This layered architecture 

ensures efficient processing, accurate 

detection, and timely response in 

surveillance applications. 

 

 

 

Fig 5.1: System Architecture 

VI. IMPLEMENTATION 

 

Fig 6.1: Monitering 
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Fig 6.2: Alert 

 

Fig 6.3: Real-Time Data  

 

Fig 6.4: Emergency Response 

VII. CONCLUSION 

In conclusion, the proposed system 

demonstrates the effectiveness of deep 

learning techniques in automating the 

detection of suspicious human activities 

from surveillance videos. By combining 

CNN and LSTM models, the system is 

capable of accurately analyzing both spatial 

and temporal features of human behavior. 

This enables real-time identification of 

abnormal activities, significantly improving 

the efficiency of surveillance systems and 

reducing reliance on manual monitoring. 

The implementation of such intelligent 

systems can greatly enhance public safety 

by enabling proactive threat detection and 

faster response to emergencies. The system 

not only reduces human workload but also 

ensures continuous and reliable monitoring. 

Its adaptability and scalability make it 

suitable for deployment in various 

environments such as public spaces, 

transportation hubs, and commercial areas. 

VIII. FUTURE SCOPE 

The future scope of this project includes 

improving the accuracy and robustness of 

the system by incorporating advanced deep 

learning models such as 3D CNNs and 

transformer-based architectures. These 

models can capture more complex spatial-

temporal features and improve performance 

in challenging scenarios such as crowded 

environments or low-light conditions. 

Additionally, integrating facial recognition 

and object tracking can further enhance the 

system’s capability to identify individuals 

and track suspicious activities over time. 

The system can also be expanded to support 

large-scale smart city applications by 

integrating with cloud computing and edge 

devices for faster processing and scalability. 

Mobile applications can be developed to 

provide real-time alerts and remote 

monitoring capabilities to users and 

authorities. Furthermore, incorporating 

predictive analytics can help in identifying 

potential threats before they occur, making 

http://www.ajaccm.com/
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the system more proactive and efficient in 

ensuring public safety. 
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