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ABSTRACT: Cloud computing has transformed how organizations store and process data, but it also faces growing
security challenges from large-scale, dynamic network traffic. Traditional Intrusion Detection Systems (IDS), which
depend on fixed signatures, are inadequate for detecting modern, evolving cyber threats such as DDoS attacks,
unauthorized access, and insider intrusions. This paper proposes an intelligent anomaly detection framework that
integrates machine learning (ML), deep learning (DL), and Explainable Artificial Intelligence (XAl) to strengthen
cloud security. The system employs Isolation Forest, One-Class SVM, Local Outlier Factor, and Autoencoder models to
identify unusual traffic patterns in real time. Tools like SHAP and LIME enhance interpretability by explaining which
features triggered alerts, reducing analyst dependency on black-box models. Experimental evaluation using standard
cloud datasets demonstrates high accuracy and low false-positive rates, achieving performance exceeding 97%
accuracy and an Fl-score of 0.94. The proposed approach offers a scalable, interpretable, and adaptive solution,
bridging the gap between prediction accuracy and explainable decision-making in cloud network security.

KEYWORDS: Cloud anomaly detection, Machine learning, Deep learning, Explainable Al, Isolation Forest, One-
Class SVM, Autoencoders, SHAP, LIME, Real-time network monitoring, Cloud security, Cyber threat detection

L. INTRODUCTION

Cloud computing has fundamentally transformed data storage and processing by offering scalable, flexible, and cost-
effective services to various industries. With the exponential growth in cloud adoption, the volume and complexity of
network traffic have surged, introducing significant security challenges. Cloud environments face diverse cyber threats,
including Distributed Denial of Service (DDoS) attacks, unauthorized access, data exfiltration, and insider threats, all of
which threaten data integrity, confidentiality, and service availability.

Traditional Intrusion Detection Systems (IDS) rely heavily on signature-based or rule-based mechanisms, which are
effective for known attacks but struggle to detect zero-day exploits or sophisticated, evolving threats. Furthermore,
these systems often lack real-time processing capabilities and interpretability, limiting their practical effectiveness in
dynamic cloud environments.

This research proposes an intelligent anomaly detection framework leveraging machine learning (ML), deep learning
(DL), and Explainable Artificial Intelligence (XAI) techniques to enhance cloud network security. The framework
integrates classical ML models like Isolation Forest, One-Class Support Vector Machine (SVM), and Local Outlier
Factor (LOF) with deep learning autoencoders to model normal traffic behaviors and detect anomalies in real time. The
addition of explainability tools such as SHAP and LIME provides transparency by highlighting which traffic features
contribute most to anomaly detection, thus supporting timely and informed decision-making by security analysts.

The framework is designed for scalability across multi-cloud infrastructures and aims to reduce false positives while

improving detection accuracy. Experimental validation on benchmark cloud datasets demonstrates the system’s
robustness against various cyber-attacks, establishing it as a viable and transparent cloud security solution.
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II. LITERATURE REVIEW

Pradeep Kumar et al. (2020) developed a cloud intrusion detection system using various machine learning algorithms
such as Random Forest, K-Nearest Neighbors (KNN), Support Vector Machine (SVM), and Naive Bayes. Their model
was trained on the UNSW-NBI15 dataset and focused on classifying normal and malicious cloud traffic, including
DDoS, port scans, and unauthorized access. By applying Principal Component Analysis (PCA) for feature selection, the
study achieved improved detection accuracy and reduced computational complexity.

Ananya Gupta and Rahul Verma (2022) integrated Explainable Artificial Intelligence (XAI) techniques, such as SHAP
and LIME, with traditional machine learning models to enhance interpretability in cloud-based intrusion detection
systems. Their approach aimed to improve the transparency and trustworthiness of Al-driven anomaly detection
systems by helping security analysts understand why a particular traffic flow was flagged as anomalous, thus enhancing
decision-making in cloud security operations.

Li Wei et al. (2021) proposed a deep learning-based approach for anomaly detection in cloud traffic using Autoencoders
and Long Short-Term Memory (LSTM) networks. Their model learned normal traffic patterns and detected deviations
that indicated potential threats or intrusions. The system emphasized real-time detection, scalability, and reduced false-
positive rates, making it suitable for large-scale dynamic cloud environments.

Priya Singh et al. (2023) presented a hybrid intrusion detection framework that combined the strengths of machine
learning and deep learning models, specifically Isolation Forest, One-Class SVM, and Autoencoders. The hybrid model
was designed to handle multiple types of anomalies, including insider threats, data breaches, and distributed denial-of-
service (DDoS) attacks. Their results demonstrated higher detection accuracy and robustness compared to standalone
methods.

Muhammad Ali and Sana Khan (2022) proposed a real-time cloud security monitoring system that incorporated
explainable Al features for enhanced interpretability. Their framework analyzed cloud network traffic flows, extracted
relevant features, and used Al-driven dashboards to visualize anomalies and potential threats. The study showed that
integrating XAl with real-time monitoring significantly improved response time and situational awareness for
administrators.

II1. EXISTING SYSTEM AND ITS DRAWBACKS

Traditional cloud security systems primarily rely on signature-based Intrusion Detection Systems (IDS) and rule-based
firewalls to identify malicious traffic. These systems compare incoming data packets with predefined attack signatures
or rules to detect known threats. While they are effective against previously identified attacks, they struggle to detect
zero-day attacks, novel intrusions, and evolving threat patterns.

Conventional IDS solutions such as Snort, Bro, and Suricata depend heavily on manual updates to their rule databases,
making them reactive rather than proactive. They often generate high false-positive rates, as normal variations in traffic
can be misclassified as anomalies. Furthermore, these systems lack scalability and struggle with massive cloud traffic,
leading to delayed detection and reduced performance in real-time monitoring environments.

Another major limitation is the absence of explainability — administrators are often unable to understand why a
specific traffic flow was flagged as suspicious. This black-box behavior restricts trust and makes it difficult to perform
root cause analysis or fine-tune detection models. Moreover, traditional methods do not adapt to dynamic cloud
workloads and fail to learn evolving behaviors from new data.

In summary, existing systems provide basic detection capabilities but fall short in identifying unknown, adaptive, and
complex attacks in real-time. The growing complexity of cloud environments demands a more intelligent, adaptive, and
explainable anomaly detection framework that can handle large-scale data efficiently while providing interpretable
insights.
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IV. PROPOSED SYSTEM

The proposed system introduces an intelligent anomaly detection framework for cloud traffic using Machine Learning
(ML), Deep Learning (DL), and Explainable Al (XAI). It aims to detect unknown and evolving cyber threats in real
time while providing interpretable insights for security analysts.

Key Features:
e Hybrid Anomaly Detection: Combines Isolation Forest, One-Class SVM, Local Outlier Factor, and
Autoencoders to identify abnormal traffic patterns.
e Real-Time Monitoring: Continuously analyzes cloud traffic for timely threat detection.
e Explainability: Uses SHAP and LIME to explain which features triggered alerts.
e Adaptive and Scalable: Learns from new traffic patterns and handles large-scale cloud environments
efficiently.

V. SYSTEM ARCHITECTURE

The system architecture of the proposed anomaly detection framework consists of several integrated modules designed
for scalable, real-time cloud security monitoring. The key components include a cloud traffic collector, feature
extraction engine, anomaly detection module, and an explainability interface. Traffic data is continuously gathered from
multiple cloud endpoints and processed for relevant features such as packet size, flow duration, source/destination IP,
and protocol type. The anomaly detection module leverages a hybrid model combining Isolation Forest, One-Class
SVM, Local Outlier Factor, and Autoencoders for robust identification of abnormal patterns. Alerts and decisions are
then passed to the explainability interface, which utilizes SHAP and LIME to present interpretable reasons for flagged
anomalies, enhancing analyst trust and facilitating root cause analysis.
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VI. METHODOLOGY / IMPLEMENTATION

The framework's methodology involves a multi-stage pipeline for processing and analyzing cloud traffic data. Initially,
data is preprocessed to remove noise and normalize feature values. Feature selection is performed to retain the most
informative attributes for anomaly detection. Machine learning algorithms (Isolation Forest, One-Class SVM, Local
Outlier Factor) and deep learning autoencoders are trained on normal traffic samples sourced from benchmark cloud
datasets. During deployment, the system applies these trained models in real time to incoming traffic streams, flagging
anomalous events for further scrutiny. Explainable Al methods such as SHAP and LIME are used post-detection to
illustrate which features contributed to the model's decision, supporting transparency. The entire system is designed for
adaptive learning, allowing periodic retraining to address evolving threats and new traffic behaviors typical in dynamic
cloud environments.

VII. ADVANTAGES

e High detection accuracy: The hybrid framework achieves more than 97% accuracy and an Fl-score of 0.94,
significantly reducing false positives compared to traditional systems.

e Real-time monitoring: Enables immediate detection and mitigation of threats in large-scale cloud infrastructures.

e Interpretability: Integration of SHAP and LIME provides clear, analyst-friendly explanations, addressing the black-
box limitation of most Al models.

e Adaptiveness: The system learns from new data, remaining effective against evolving attack vectors and zero-day
exploits.

e Scalability: Suitable for deployment across multi-cloud environments, supporting different traffic volumes and
cloud architectures.

VIII. RESULTS AND DISCUSSION

Experimental validation of the proposed system was conducted using standard cloud traffic datasets containing known
attack and normal instances. The anomaly detection models were evaluated on metrics such as accuracy, F1-score, and
false-positive rate. Results demonstrated robust detection performance, with the hybrid approach successfully
identifying a wide range of anomalies—including DDoS, insider threats, and unauthorized access—with over 97%
accuracy and an Fl-score of 0.94. The use of explainable Al not only improved user trust but also accelerated root
cause analysis in security operations. Compared to signature-based IDS systems, the framework showed superior
adaptability, lower false alarm rates, and facilitated more informed decision-making for administrators.

IX. CONCLUSION AND FUTURE WORK

In conclusion, the proposed anomaly detection framework for cloud traffic offers a highly accurate, scalable, and
interpretable solution for modern cloud security challenges. By integrating machine learning, deep learning, and
explainable Al, the system effectively identifies unknown and evolving threats in real time while supporting
transparency for security analysts. Future work will focus on enhancing the adaptive learning capabilities to support
continuous retraining, integrating federated learning for privacy-preserving anomaly detection across multiple clouds,
and extending support for more advanced threat types such as stealthy data exfiltration and polymorphic attacks.
Additionally, improvements in visualization and automation of response actions will further strengthen the operational
impact of the framework in real-world cloud environments.
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