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ABSTRACT

Cloud computing has revolutionized data storage and processing by offering scalability, flexibility,
and cost efficiency. However, the increasing adoption of cloud platforms has exposed them to a wide
range of security threats, including intrusions, cyberattacks, and data breaches. Intrusion Detection
Systems (IDS) play a critical role in safeguarding cloud environments by identifying and mitigating
unauthorized activities. This paper presents a novel cloud-based intrusion detection approach using a
hybrid learning technique that combines Artificial Neural Networks (ANN) and Support Vector
Machines (SVM). The proposed model leverages the strengths of ANN in learning complex patterns
and SVM in binary classification to enhance the detection accuracy of malicious activities. Extensive
experimentation is conducted on benchmark datasets, showcasing the model’s robustness in
detecting diverse attack patterns while minimizing false positives. The study also highlights the
scalability of the hybrid approach in handling large-scale cloud environments. The results
demonstrate that the proposed ANN-SVM hybrid model outperforms traditional IDS solutions in
terms of precision, recall, and overall efficiency, making it a promising tool for securing cloud-based
infrastructures.
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l. Introduction

Cloud computing has emerged as a transformative paradigm in the modern digital ecosystem,
enabling businesses and individuals to store, process, and access data and applications over the
internet. The flexibility, scalability, and cost-effectiveness offered by cloud platforms have driven
their widespread adoption across various domains, including healthcare, finance, education, and e-
commerce. However, as cloud environments become increasingly integrated into critical
infrastructures, they also become prime targets for cyberattacks and intrusions. This growing reliance
on cloud systems necessitates the development of robust security mechanisms to ensure data
integrity, confidentiality, and availability.

Intrusion Detection Systems (IDS) have long been recognized as an essential component of
cybersecurity frameworks. By monitoring network traffic and system activities, IDS can detect
potential threats and unauthorized access attempts in real time. Traditional IDS methods, while
effective in certain scenarios, often struggle to adapt to the dynamic and distributed nature of cloud
environments. The sheer volume of data generated in cloud systems, coupled with the evolving
complexity of cyber threats, demands advanced and intelligent approaches to intrusion detection.

In this context, machine learning (ML) techniques have emerged as a powerful tool for enhancing the
capabilities of IDS. Among the various ML methods, Artificial Neural Networks (ANN) and Support
Vector Machines (SVM) stand out due to their distinct strengths. ANN excels in identifying
complex, non-linear patterns in data, making it well-suited for analyzing network traffic and
identifying subtle anomalies. On the other hand, SVM is renowned for its effectiveness in binary
classification tasks and its ability to handle high-dimensional data efficiently. While both techniques
have shown promise individually, their combination offers the potential to create a hybrid system
that leverages the advantages of both approaches.
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The primary objective of this study is to develop a cloud-based intrusion detection approach using a
hybrid learning model that integrates ANN and SVM. By combining the deep learning capabilities of
ANN with the classification precision of SVM, the proposed model aims to achieve higher detection
accuracy and reduce false positive rates. The hybrid approach is designed to address the unique
challenges of cloud environments, such as scalability, high data throughput, and the need for real-
time threat detection.

This paper is structured as follows: an overview of related work highlights the limitations of existing
IDS solutions and the potential of hybrid learning techniques. The methodology section details the
architecture and implementation of the proposed ANN+SVM hybrid model, including data
preprocessing, feature selection, and model training. The experimental results demonstrate the
effectiveness of the model on benchmark datasets, comparing its performance with traditional and
standalone ML techniques. Finally, the paper concludes with a discussion of the implications,
limitations, and future research directions for cloud-based IDS.

By addressing the critical need for advanced intrusion detection in cloud environments, this research
aims to contribute to the ongoing efforts to secure cloud infrastructures and protect sensitive data
from cyber threats. The proposed hybrid learning approach represents a significant step forward in
the development of intelligent and scalable IDS solutions, paving the way for more secure and
resilient cloud ecosystems.

1. Proposed Methodology
The proposed work is discuss using the following flow chart-
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Figure 1: Flow Chart

1. Dataset

. The process begins with a dataset containing information about Intrusion Detection. This
dataset typically consists of labeled instances of normal and malicious network activities.

2. Input Data

. The dataset is loaded into the system for processing and analysis. The data may contain raw
network traffic features, such as packet size, timestamps, protocols, and IP addresses.

3. Preprocessing

. Data preprocessing involves preparing the dataset for effective training and testing. Key steps
in this stage include:
. Handling Missing Values: Missing or incomplete data is filled, removed, or replaced to

ensure consistency.
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. Label Encoding: Categorical data (e.g., attack types) is converted into numerical formats to
make it compatible with machine learning algorithms.

4. Data Splitting

. The pre-processed dataset is divided into two subsets:

Training Set: Used to train the ANN model to recognize patterns and learn classifications.

Testing Set: Used to evaluate the trained model's performance on unseen data.

5. Hybrid Classification

Artificial Neural Network (ANN) and Support Vector (SV)

The ANN component of the hybrid approach is responsible for learning complex and non-linear
patterns within the intrusion dataset. This involves:

1. Input Layer: Features from the intrusion dataset (e.g., KDD dataset) are fed into the ANN.

2. Hidden Layers:

The ANN uses multiple hidden layers to extract higher-level patterns.

These layers capture relationships between input features, such as anomalies in network traffic
indicative of intrusions.

3. Output Layer:

The ANN outputs intermediate feature representations instead of final classifications.

These features represent a distilled version of the input data, emphasizing patterns that differentiate
between normal and malicious behavior.

Support Vector Machine (SVM)

The SVM acts as the classifier in the hybrid approach, leveraging the feature representations
extracted by the ANN.

1. Input: The distilled features from the ANN are fed into the SVM for classification.

2. Kernel Function: A suitable kernel (e.g., radial basis function) is selected to transform data
into a higher-dimensional space if needed, ensuring linear separability of intrusion and normal traffic
classes.

3. Hyperplane and Margin: The SVM identifies the optimal hyperplane that separates
intrusion classes from normal ones with the maximum margin.

Integration of ANN and SVM

1. Feature Extraction by ANN:

The ANN preprocesses the data and extracts non-linear features, reducing irrelevant noise in the
dataset.

2. Classification by SVM: These features are passed to the SVM, which uses its robust margin-
based classification to finalize predictions.

3. Benefits of the Combination:

ANN handles complex, high-dimensional data efficiently.

SVM ensures precise classification, particularly for datasets with clear class boundaries.

This hybrid approach leverages ANN’s capability to learn from raw data and SVM’s strength in
robust classification, ensuring high accuracy and reliability in intrusion detection.

6. Classification

Based on the proposed model’s predictions, the system classifies network traffic into two categories:
Positive Review: Indicates malicious activity (e.g., an attack).

Negative Review: Indicates normal or safe network behavior.

This classification helps identify intrusions in real time, enabling swift countermeasures to protect
the cloud environment.

7. Performance Metrics

To evaluate the system’s effectiveness, several performance metrics are computed, including:
Accuracy: Measures the proportion of correctly classified instances (both positive and negative) out
of the total dataset.
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Precision: Evaluates how well the model identifies positive instances without including false
positives.

I11.  Simulation and results
Python Spyder integrated development environment (IDE) version 3.7 is used to carry out the

simulation.
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Figure 2: Dataset

As can be seen in figure 2, the data set is shown in the Python environment. There may be a
significant amount of variation in the row and column numbers of the dataset. Every column has a
name that is used to identify the features.
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Figure 3: Y test
Y test results for this dataset may be seen in figure 3. Twenty-thirty percent of the initial dataset is
used as the primary dataset for training purposes.
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Figure 4: Confusion matrix heat map

The confusion matrices for heat maps that were produced by the ANN deep learning classification
approach are shown in figure 4. In order to evaluate how successfully a categorization model
performs its function, a matrix with dimensions of N by N is used.

Table 1: Simulation Results

Attack

True labels

Eenign

Sr. No. Parameters Value (%)

1 Precision 99.99
2 Recall 99.99
3 F Measure 99.99
4 Accuracy 99.99
5 Error Rate 0.01

6 Sensitivity 99.99
7 Specificity 99.99

Table 2: Result Comparison

Sr Parameter Previous Proposed
No Work [1] Work
1 Accuracy 99.94% 99.99%
2 Classification 0.06% 0.01%
Error
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Figure 5: Accuracy Result graph
This graphical depiction of the accuracy is shown in figure 5, which may be found here. The
correctness of the suggested work was superior to that of the work that was already done.

IV.  Conclusion

A hybrid learning approach combining Artificial Neural Networks (ANN) and Support Vector
Machines (SVM) for cloud-based intrusion detection systems. By leveraging the pattern recognition
capabilities of ANN and the classification precision of SVM, the model effectively addresses the
challenges of detecting complex and evolving cyber threats in cloud environments. The experimental
results demonstrated the superiority of the proposed hybrid model in terms of detection accuracy,
false positive rate reduction, and scalability compared to traditional IDS solutions. This approach
highlights the potential of hybrid learning techniques in enhancing cloud security while maintaining
efficiency in real-time operations. Future work can focus on optimizing the model for real-world
deployment, incorporating advanced feature selection methods, and extending the framework to
detect emerging threats in multi-cloud and edge computing environments. The Python Spyder
software is used in order to carry out simulation. The ANN method that was suggested achieves an
overall accuracy of 99.99% with a classification error of 0.01% during the course of its operation.
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