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ABSTRACT  

The increasing adoption of robotic systems in 

domains such as healthcare, manufacturing, 

and autonomous vehicles has led to the 

widespread use of the Robot Operating System 

(ROS) as a flexible middleware framework. 

However, ROS-based systems are inherently 

vulnerable to various cyber-attacks due to their 

distributed architecture, lack of built-in security 

mechanisms, and open communication 

protocols. Attacks such as node spoofing, 

message tampering, denial-of-service (DoS), 

and unauthorized access can compromise 

system integrity and safety. This project 

proposes an intelligent attack detection system 

for ROS-based environments using machine 

learning techniques to enhance security and 

resilience. The proposed system monitors 

communication between ROS nodes by 

capturing network traffic and message-level 

data such as topics, publishers, subscribers, and 

message frequencies. Data preprocessing 

techniques including filtering, normalization, 

and feature extraction are applied to prepare 

the dataset. Machine learning algorithms such 

as Random Forest, Support Vector Machines 

(SVM), and Artificial Neural Networks (ANN) 

are used to classify normal and malicious 

activities. Additionally, anomaly detection  

 

techniques are incorporated to identify 

unknown or zero-day attacks that are not 

present in the training data. Experimental 

results demonstrate that the proposed system 

effectively detects various types of attacks with 

high accuracy and low false-positive rates. 

Ensemble models such as Random Forest show 

strong performance due to their ability to 

handle complex patterns in network behavior. 

The system can operate in near real-time, 

making it suitable for securing critical robotic 

applications. However, challenges such as 

dataset availability, real-time processing 

overhead, and evolving attack patterns remain. 

Overall, the proposed solution provides a 

scalable and intelligent approach to enhancing 

the security of ROS-based systems. 
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I.INTRODUCTION 

Robotic systems are increasingly being 

deployed in critical applications such as 
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healthcare, industrial automation, autonomous 

vehicles, and defense systems. These systems 

rely heavily on middleware frameworks like 

the Robot Operating System (ROS) to enable 

communication between different software 

components, known as nodes. ROS provides a 

flexible and modular architecture that allows 

developers to build complex robotic 

applications efficiently. However, its open and 

distributed design also introduces significant 

security vulnerabilities. By default, ROS lacks 

built-in authentication, encryption, and access 

control mechanisms, making it susceptible to 

various cyber-attacks such as node spoofing, 

message injection, denial-of-service (DoS), and 

unauthorized access. 

As robotic systems become more connected 

and integrated with networks, the risk of cyber 

threats increases significantly. Traditional 

security mechanisms are often insufficient to 

detect sophisticated and evolving attacks in 

real-time. This has led to the adoption of 

intelligent security solutions based on machine 

learning and artificial intelligence. Machine 

learning algorithms can analyze 

communication patterns between ROS nodes, 

identify anomalies, and detect malicious 

activities. Techniques such as Random Forest, 

Support Vector Machines (SVM), and 

Artificial Neural Networks (ANN) have shown 

promising results in intrusion detection systems 

by learning complex patterns from data and 

distinguishing between normal and abnormal 

behavior. 

The proposed system focuses on developing an 

intelligent attack detection framework for 

ROS-based systems using machine learning 

techniques. The system monitors network 

traffic and ROS message exchanges, extracts 

relevant features, and applies classification and 

anomaly detection models to identify potential 

threats. By providing real-time detection and 

alert mechanisms, the system enhances the 

security and reliability of robotic applications. 

This approach is particularly important for 

safety-critical systems where cyber-attacks can 

lead to severe consequences. Overall, the 

integration of machine learning with ROS 

security offers a powerful solution for 

protecting modern robotic systems from cyber 

threats. 

II SURVEY OF RESEARCH 

The study by M. Quigley et al. (2009) [1] 

introduced the Robot Operating System (ROS) 

as an open-source middleware for robotic 

applications. The methodology focuses on a 

distributed architecture where nodes 

communicate through topics and services. 

Results demonstrate that ROS provides 

flexibility and scalability for developing 

complex robotic systems. However, it lacks 

built-in security features such as authentication 

and encryption, making it vulnerable to cyber-

attacks. This research forms the foundation for 
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understanding security challenges in ROS-

based systems. 

The work by A. Shabtai et al. (2012) [2] 

explored intrusion detection systems (IDS) 

using machine learning techniques. The 

methodology involves analyzing network 

traffic and system behavior to detect malicious 

activities. Results show that machine learning-

based IDS can achieve high accuracy in 

detecting known attacks. However, detecting 

unknown or zero-day attacks remains a 

challenge. This study supports the use of 

machine learning for attack detection in ROS 

environments. 

The research by S. Sicari et al. (2015) [3] 

discussed security and privacy issues in 

Internet of Things (IoT) systems. The 

methodology focuses on identifying 

vulnerabilities in distributed and connected 

environments. Results indicate that IoT 

systems are prone to attacks such as data 

tampering and unauthorized access. However, 

implementing strong security mechanisms can 

mitigate these risks. This research is relevant as 

ROS-based systems share similar 

characteristics with IoT systems. 

The study by L. Breiman (2001) [4] introduced 

the Random Forest algorithm, an ensemble 

learning technique that improves classification 

accuracy. The methodology uses multiple 

decision trees to reduce overfitting and enhance 

prediction performance. Results demonstrate 

that Random Forest performs well in complex 

datasets. However, computational cost can be 

high. This research supports the use of Random 

Forest for detecting attacks in ROS systems. 

The work by C. Cortes and V. Vapnik (1995) 

[5] introduced Support Vector Machines (SVM) 

for classification tasks. The methodology 

focuses on finding optimal decision boundaries 

in high-dimensional data. Results show that 

SVM is effective in intrusion detection 

applications. However, it requires careful 

parameter tuning. This study is relevant for 

classifying normal and malicious activities in 

ROS communication. 

The research by V. Chandola et al. (2009) [6] 

provided a comprehensive survey on anomaly 

detection techniques. The methodology 

identifies unusual patterns in data that may 

indicate cyber-attacks. Results demonstrate that 

anomaly detection is effective in detecting 

unknown threats. However, it may produce 

false positives. This study is important for 

identifying zero-day attacks in ROS-based 

systems. 

Additionally, recent advancements in 

cybersecurity for robotic systems have 

explored deep learning techniques such as 

Convolutional Neural Networks (CNNs) and 

Recurrent Neural Networks (RNNs) for attack 

detection. These models can capture complex 

spatial and temporal patterns in network traffic 

and system behavior. While they provide 
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higher accuracy, they also require large 

datasets and increased computational resources. 

Integrating these advanced techniques with 

traditional machine learning models can further 

enhance the effectiveness of intelligent attack 

detection systems in ROS environments. 

III. WORKING METHODOLOGY 

The proposed Intelligent Attack Detection 

system for Robot Operating System (ROS) 

begins with data collection from the 

communication layer of ROS-based systems. In 

a typical ROS environment, multiple nodes 

communicate through topics, services, and 

messages. The system captures network traffic 

and ROS-specific data such as message 

frequency, publisher-subscriber relationships, 

topic names, packet size, and time intervals. 

This raw data is collected using monitoring 

tools and logging mechanisms integrated 

within the ROS framework. In the 

preprocessing stage, noise and irrelevant data 

are removed, missing values are handled, and 

normalization is applied to ensure consistency 

across features. Feature extraction is then 

performed to identify key parameters that 

indicate normal or malicious behavior. 

In the next stage, machine learning models are 

trained to detect cyber-attacks. Supervised 

learning algorithms such as Random Forest, 

Support Vector Machines (SVM), and 

Artificial Neural Networks (ANN) are used to 

classify system behavior as normal or 

malicious. The dataset is divided into training 

and testing sets to evaluate model performance. 

In addition to classification, anomaly detection 

techniques are applied to identify unknown or 

zero-day attacks that are not present in the 

training data. These techniques analyze 

deviations from normal communication 

patterns, such as unusual message rates or 

unauthorized node interactions. Ensemble 

methods are particularly effective in handling 

complex patterns and improving detection 

accuracy. 

In the final stage, the trained model is deployed 

for real-time monitoring and attack detection. 

As the ROS system operates, incoming data is 

continuously analyzed, and the model predicts 

whether the activity is normal or malicious. If 

an attack is detected, the system generates 

alerts and logs the event for further analysis. 

The system can also trigger automated 

responses such as blocking suspicious nodes or 

isolating affected components. Performance 

metrics such as accuracy, precision, recall, and 

false-positive rate are used to evaluate system 

effectiveness. This methodology ensures a 

proactive and intelligent approach to securing 

ROS-based systems against cyber threats. 

IV RESULTS EXPLANATIONS 

The performance of the proposed intelligent 

attack detection system for Robot Operating 

System (ROS) is evaluated based on its ability 

to accurately detect malicious activities and 

International Journal of Engineering Science and Advanced Technology(IJESAT) Vol 26 Issue 04, April, 2026

ISSN:2250-3676 www.ijesat.com Page 1847 of 1850



differentiate them from normal system 

behavior. Experimental results indicate that 

traditional rule-based security mechanisms are 

limited in detecting complex and evolving 

cyber-attacks. In contrast, machine learning-

based approaches significantly improve 

detection accuracy by learning patterns from 

communication data between ROS nodes. 

Evaluation metrics such as accuracy, precision, 

recall, and F1-score demonstrate strong 

performance across different attack scenarios. 

Among the implemented models, ensemble 

techniques such as Random Forest show 

superior performance due to their ability to 

handle high-dimensional data and capture 

nonlinear relationships between features. 

Support Vector Machines (SVM) also provide 

good classification results, particularly in 

distinguishing between normal and attack 

patterns in structured datasets. Artificial Neural 

Networks (ANN) further enhance detection 

accuracy by learning complex behavioral 

patterns, although they require more 

computational resources and training time. 

Comparative analysis reveals that combining 

classification models with anomaly detection 

techniques improves the system’s ability to 

detect both known and unknown attacks. 

The system was tested under various simulated 

attack conditions, including message spoofing, 

denial-of-service (DoS), and unauthorized node 

access. Results show that the system can detect 

attacks in near real-time with low false-positive 

rates. However, challenges such as dataset 

availability, real-time processing overhead, and 

adapting to new attack patterns remain. Despite 

these limitations, the system demonstrates high 

reliability and scalability. Overall, the results 

confirm that the proposed approach provides an 

effective and intelligent solution for enhancing 

the security of ROS-based robotic systems. 

. 

V.CONCLUSION 

 The proposed Intelligent Attack 

Detection in ROS-Based Systems presents an 

effective and advanced solution for enhancing 

the security of robotic environments. By 

leveraging machine learning techniques, the 

system successfully identifies malicious 

activities such as node spoofing, message 

tampering, and denial-of-service attacks within 

the Robot Operating System (ROS) framework. 

The integration of supervised learning models 

and anomaly detection techniques enables the 

system to detect both known and unknown 

threats, improving overall system reliability 

and safety. 

Experimental results demonstrate that 

ensemble models such as Random Forest, 

along with advanced techniques like Artificial 

Neural Networks (ANN), achieve high 

accuracy and low false-positive rates in 

detecting cyber-attacks. The ability to monitor 
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real-time communication between ROS nodes 

and analyze behavioral patterns makes the 

system highly suitable for critical applications 

such as autonomous vehicles, healthcare 

robotics, and industrial automation. 

Additionally, the use of automated alert 

mechanisms and logging enhances system 

transparency and accountability. 

In conclusion, the proposed system provides a 

scalable, intelligent, and robust approach to 

securing ROS-based systems. While challenges 

such as computational overhead, evolving 

attack patterns, and limited datasets exist, the 

benefits of improved security and real-time 

detection outweigh these limitations. Future 

work may focus on integrating lightweight 

models for edge deployment, incorporating 

advanced deep learning techniques, and 

enhancing real-time response mechanisms. 

Overall, this study highlights the importance of 

combining machine learning and cybersecurity 

to protect modern robotic systems from 

emerging threats. 
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