
 

 

 

         Volume 12, Issue 10, October 2024  

Impact Factor: 8.625 



© 2024 IJIRCCE | Volume 12, Issue 10, October 2024|                                 DOI: 10.15680/IJIRCCE.2024.1210060

 
 

IJIRCCE©2024                                                                    |     An ISO 9001:2008 Certified Journal   |                                    11865 

Optimizing Machine Learning-Based 
Intrusion Detection Systems for Enhanced 

Security in Cloud Computing Environments 
 

Mala K, Manjunath Prasad 

Assistant Professor, Department of ISE, CIT, Gubbi, Tumkur, Karnataka, India 

UG Student, Department of ISE, CIT, Gubbi, Tumkur, Karnataka, India 

 

ABSTRACT: In today’s cloud computing environments, robust network security is crucial due to the inherently 
distributed and dynamic nature of cloud systems. Traditional Network Intrusion Detection Systems (NIDS) often face 
challenges in handling large-scale, rapidly evolving data and sophisticated attack vectors unique to cloud settings. This 

paper presents an optimized Machine Learning (ML)-based NIDS framework designed specifically for cloud 

infrastructures, leveraging feature selection, dimensionality reduction, and algorithmic tuning techniques to enhance 

detection accuracy and reduce false positives. Integrating supervised and unsupervised learning methods, this NIDS 

system can detect both known and novel attack types efficiently. By utilizing cloud-specific datasets and real-time traffic 

monitoring, it adapts well to the scalability and elasticity requirements of cloud environments. Additionally, the system 

incorporates automated optimization techniques, such as hyperparameter tuning and ensemble learning, to further 

enhance performance. Experimental results show improvements in detection rates, reduced computational overhead, and 

better scalability, making it a promising solution for modern cloud-based infrastructures. 
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I. INTRODUCTION 
 

Cloud computing has become indispensable for organizations, providing scalable, flexible, and cost-efficient solutions 

for data storage, management, and processing. However, the rapid adoption of cloud services has brought with it increased 

security challenges. Due to their elastic and dynamic architectures, cloud environments face unique threats and require 

specific security protocols. Traditional NIDS, primarily signature-based, are often incapable of keeping pace with the 

data volume and complexity in cloud systems, struggling to detect evolving and sophisticated attack vectors, leading to 

high rates of false positives and false negatives. 

 

Machine Learning (ML)-based NIDS has emerged as a powerful alternative. Unlike traditional methods, ML models 
learn from traffic data patterns and adapt to new threats. This research focuses on the optimization of ML-based NIDS in 

cloud computing by employing techniques like feature selection, dimensionality reduction, real-time traffic monitoring, 

and hyperparameter tuning to enhance cloud security while minimizing resource costs. The paper is structured as follows: 

Section 2 reviews the literature on intrusion detection, Section 3 outlines the methodology, Section 4 presents the 

experimental results, and Section 5 concludes with a summary and future work directions. 

   
II. LITERATURE SURVEY 

 

Traditional NIDS Approaches: 

Traditional NIDS techniques rely heavily on signature-based detection, where attack patterns are predefined, and the 

system monitors network traffic to identify matches with these signatures. While effective in detecting known threats, 

signature-based systems are limited in identifying new or evolving attacks. Behavioral analysis is another method that 
detects deviations from normal traffic patterns but has limitations in distinguishing between legitimate and malicious 

anomalies, often resulting in high false positives. These techniques lack adaptability, making them less effective in a 

cloud environment where traffic patterns are dynamic and highly variable. 
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Machine Learning in NIDS: 

Machine Learning offers solutions for these limitations by enabling systems to adaptively learn from historical data and 

detect unknown attack patterns. Early ML models applied to NIDS included Decision Trees, Support Vector Machines 

(SVM), and Random Forests, which classify network traffic into normal and malicious categories based on pre-identified 

features. However, these models require extensive labeled datasets, which are often unavailable or insufficiently 

comprehensive in cloud environments. 

 
Unsupervised Learning and Anomaly Detection: 

Unsupervised learning techniques such as K-Means clustering, Gaussian Mixture Models, and Autoencoders have been 

employed to overcome the limitations of labeled data. These models identify anomalies based on deviations from typical 

behavior patterns without needing prior labels. Anomaly detection in NIDS allows for the identification of unknown 

attacks, particularly useful in cloud environments where new threats emerge frequently. Autoencoders, a form of neural 

network, have been successful in capturing complex traffic patterns, providing a baseline for identifying anomalies in 

unlabeled data. 

 

Deep Learning in NIDS: 

Deep learning models, including Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN), have 

further improved NIDS by processing large datasets and identifying intricate patterns in network traffic. CNNs excel in 
analyzing spatial data, making them useful for identifying spatial-temporal correlations in network behavior, while RNNs 

and Long Short-Term Memory (LSTM) networks are suited for sequence-based data, allowing them to detect anomalies 

over time. Deep learning models can handle large-scale, high-dimensional data typical in cloud environments, improving 

detection rates and minimizing false positives. 

 

Hybrid and Ensemble Models: 

Combining multiple models into hybrid or ensemble systems offers significant benefits by leveraging the strengths of 

each model. For instance, hybrid models may combine signature-based detection with anomaly detection to maximize 

detection capabilities while reducing false positives. Ensemble learning techniques, such as stacking and bagging, can 

improve model robustness and accuracy. Recent studies demonstrate that hybrid models incorporating both signature and 

anomaly-based techniques have improved performance in cloud NIDS, allowing better adaptability to dynamic network 

conditions. 
   

 
 

III. METHODOLOGY 
 

Data was collected from publicly available network intrusion datasets such as NSL-KDD, CICIDS2017, and UNSW-

NB15. These datasets contain labeled traffic data representing both benign and malicious behaviors. Additionally, cloud-
specific traffic, including VM migrations and container interactions, was simulated to better reflect real-world conditions. 

The data collection process also included generating adversarial examples to represent zero-day attacks, improving the 

model's robustness to unseen threats. 
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Data Preprocessing 
The data preprocessing pipeline involved several steps: 

 Noise Removal: Removing irrelevant data that could skew model training, such as corrupted packets or incomplete 

logs. 

 Normalization: Standardizing features (e.g., packet size, duration) using Min-Max scaling or Z-score normalization. 

 Data Transformation: Using techniques like log transformation to handle skewed distributions in traffic data. This 

step ensures uniform feature scales, improving model convergence. 

 The processed data was split into training, validation, and test sets, ensuring that each set contained a balanced 

representation of benign and malicious traffic. 

 
Feature Selection 
Feature selection reduces computational costs by identifying the most relevant features for detection. In this study, three 

feature selection methods were applied: 

 Recursive Feature Elimination (RFE): An iterative approach that eliminates the least significant features. 

 Principal Component Analysis (PCA): Reduces dimensionality by transforming features into principal components. 

 Random Forest Importance Ranking: Identifies important features based on a Random Forest model’s performance. 
The selected features retained 90% of the original data variance while reducing dimensionality by 40%, which enhanced 

computational efficiency without compromising detection accuracy. 

 
Dimensionality Reduction 
Dimensionality reduction was further optimized using Autoencoders, which helped compress the data while retaining 

crucial patterns in network behavior. By reducing data size, computational costs were minimized, making the system 

more responsive to real-time detection requirements. 

 
Model Training and Optimization 
Several ML models were trained, including SVM, Random Forest, CNN, and RNN. Each model’s hyperparameters were 
fine-tuned through grid search and Bayesian optimization. CNN and RNN models, in particular, were tuned to improve 

detection accuracy on temporal and spatial features within network traffic data. Grid search optimization was initially 

applied to coarse-tune hyperparameters, followed by Bayesian optimization for precise parameter adjustments. 

 
Ensemble Learning and Hybrid Models 
Hybrid models combining signature-based and ML-based approaches were implemented, allowing for comprehensive 

coverage of known and unknown threats. Ensemble methods, such as stacking and boosting, were employed to create 

more robust models. The final ensemble model combined CNN for spatial analysis and RNN for temporal sequence 

detection, achieving high accuracy in detecting diverse attack types while maintaining low false positive rates. 

 
IV. EXPERIMENTAL RESULTS 

 

Experimental Phase Evaluation 

The experimental phase of this study meticulously evaluated the performance of each model, with a specific focus on 

key metrics including detection accuracy, false positive and false negative rates, and computational efficiency. These 
metrics are critical for assessing the effectiveness of intrusion detection systems (IDS) in real-world applications, where 

both precision and speed are paramount. 

 

Feature Selection Impact 

The impact of various feature selection methods on model performance was profound, revealing significant variations in 

efficiency and accuracy: 

 Principal Component Analysis (PCA): This dimensionality reduction technique successfully reduced the number of 

features by 30%. While this led to improved processing speed, it resulted in a slight decrease in overall accuracy. 

The trade-off highlights the importance of feature selection in balancing model performance and computational 

efficiency, making PCA a viable choice in scenarios where speed is prioritized over marginal gains in accuracy. 
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 Recursive Feature Elimination (RFE): In contrast, RFE maintained a high level of accuracy while achieving a 

remarkable 15% improvement in training time. This method demonstrated its efficacy in identifying the most 

relevant features, ensuring that the model remains robust without sacrificing performance. 

 Random Forest Importance Ranking: Utilizing this approach yielded a 7% improvement in accuracy alongside a 

reduction in false positive rates. The ability of Random Forest to rank features based on their importance not only 

enhances model interpretability but also optimizes performance by focusing on the most significant predictors. 

 
Model Comparison 

A comprehensive analysis of each model’s performance metrics was conducted to ascertain their strengths and 
weaknesses in detecting intrusions: 

 Support Vector Machine (SVM): This model achieved an impressive 92% accuracy with an 8% false positive rate. 

SVMs are known for their effectiveness in high-dimensional spaces, making them suitable for classification tasks 

involving complex datasets. 

 Random Forest: With a slightly higher accuracy of 94%, Random Forest proved to be effective in classifying the 

most common attack patterns. Its ensemble approach reduces overfitting and enhances generalization, making it a 

strong contender in the IDS landscape. 

 Convolutional Neural Network (CNN): Achieving 96% accuracy with a low false positive rate, the CNN 

demonstrated exceptional capabilities in detecting complex patterns within data. Its architecture is particularly adept 
at capturing spatial hierarchies, enabling it to identify nuanced features in attack vectors. 

 Recurrent Neural Network (RNN): With the highest accuracy of 98%, the RNN excelled in handling sequential data, 

making it especially suitable for time-series analysis in intrusion detection. Its ability to remember previous inputs 

allows for superior detection of patterns over time, yielding the best overall results among the models tested. 

 

Hybrid Model Performance 

The hybrid model, which combined the strengths of both CNN and RNN, achieved a remarkable 98% accuracy with only 

a 3% false positive rate. This model excelled in detecting both known and novel attacks, showcasing its versatility and 

effectiveness in dynamic environments. By integrating the spatial analysis capabilities of CNNs with the sequential 

processing strengths of RNNs, this hybrid approach represents a significant advancement in IDS technology. 

 
Real-Time Detection and Scalability 

The deployment of the models in a cloud environment underscored the importance of scalability in real-world 

applications. The following observations were made regarding the system's performance under varying loads: 

 Baseline System: The initial system configuration saw a detection accuracy drop to 85% when subjected to heavy 

load conditions. This decline highlights the challenges faced by traditional IDS frameworks in maintaining 

performance under stress. 

 Optimized IDS with RNN: In contrast, the optimized IDS utilizing RNN maintained an impressive 98% accuracy 

while achieving a response time of just 1 second. This indicates the model's robustness and ability to handle real-

time data without compromising on accuracy. 

 Hybrid Model in Cloud: The hybrid model demonstrated unparalleled performance, achieving 99% detection 

accuracy with sub-second response times, even amid a 100% increase in traffic. This outstanding scalability 
emphasizes the potential of hybrid models in adapting to fluctuating workloads and maintaining high levels of 

performance, making them ideal for contemporary cloud-based environments.                                                                        
 

V. CONCLUSION 
 

This study highlights the critical role of predictive modeling, particularly logistic regression, in managing cloud 

infrastructure scalability and mobility. By leveraging logistic regression, cloud architects can accurately forecast 

scalability requirements and migration success rates, allowing for optimized resource allocation and significantly reduced 

operational disruptions. The ability to analyze real-time metrics—such as CPU utilization, memory usage, network 

bandwidth, and latency—enables logistic regression to offer a computationally efficient and precise means of predicting 

cloud performance. The findings demonstrate that automated scaling and low-latency mobility enhance cloud resilience 

and performance, which are essential for industries where uptime and data accessibility are paramount. As the reliance 
on cloud technologies grows across various sectors, the need for robust frameworks that adapt to changing demands 
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becomes increasingly critical. In this context, logistic regression stands out as a powerful tool that provides actionable 

insights into performance trends and user behavior, enabling organizations to make informed decisions about resource 

allocation and scalability strategies. 

 

Looking ahead, the complexity of cloud environments is expected to increase due to factors such as the proliferation of 

Internet of Things (IoT) devices, the rise of edge computing, and the expansion of data-driven applications. This 

necessitates a shift toward more sophisticated approaches to effectively manage these systems. Integrating logistic 
regression with advanced AI-driven automation tools presents a promising avenue for streamlining cloud operations, as 

combining logistic regression with models like neural networks and random forests could enhance prediction accuracy 

for systems requiring granular performance insights. Future research could also explore hybrid cloud architectures that 

balance computational efficiency with high availability, optimizing resource utilization and ensuring compliance. 

Moreover, the adoption of predictive analytics in cloud management fosters a proactive approach, allowing organizations 

to enhance operational efficiencies and improve service delivery. By embracing predictive modeling techniques like 

logistic regression, organizations can design adaptable, cost-effective, and resilient cloud infrastructures that align with 

their overarching business objectives, ultimately ensuring competitiveness in a rapidly evolving technological landscape 
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