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Abstract: The convergence of Cloud Computing and the Internet of Things (IoT) has created a hyper-connected ecosystem that
drives modern industry but simultaneously expands the cyber-attack surface. Traditional security mechanisms, such as static
firewalls and signature-based intrusion detection, are increasingly insufficient against sophisticated, polymorphic threats like
Distributed Denial of Service (DDoS) and zero-day exploits. This review paper critically examines the integration of Artificial
Intelligence (AI) and Machine Learning (ML) techniques to enhance information security within Cloud-IoT networks. We analyze
the current state of Al-driven frameworks, focusing on hybrid Deep Learning models (CNN-LSTM), predictive analytics, and
automated threat response mechanisms. A systematic literature survey of recent advancements identifies key trends, including the
shift towards decentralized learning and real-time adaptive defense. Furthermore, we critically analyze the limitations of existing
approaches, such as computational overhead and data privacy concerns. Finally, this paper identifies significant research gaps and
provides strategic recommendations for developing robust, scalable, and intelligent security architectures for next-generation
environments.
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1. INTRODUCTION
1.1 Background and Significance

The digital era is defined by the seamless integration of two transformative technologies: Cloud Computing and
the Internet of Things (IoT). Cloud computing offers the scalable storage and computational power required to process
massive datasets, while IoT connects the physical world to the digital realm through billions of sensors and actuators
[1]. This synergy, often termed "Cloud-IoT," is the backbone of smart cities, industrial automation (Industry 4.0), and
advanced healthcare systems. However, the ubiquitous nature of these networks introduces unprecedented security
vulnerabilities. As the volume of sensitive data transmitted between edge devices and cloud servers grows, so does
the sophistication of cyberattacks.

1.2 The Security Imperative

Security in Cloud-IoT is distinct from traditional IT security due to the heterogeneity and resource constraints
of IoT devices. Many edge devices lack the processing power to support robust encryption or complex on-device
security protocols, making them easy entry points for attackers [2]. Once compromised, these devices can be
weaponized into botnets to launch large-scale Distributed Denial of Service (DDoS) attacks against cloud
infrastructure. Traditional defense mechanisms, which rely on known databases of threat signatures, struggle to detect
novel or "zero-day" attacks. This necessitates a paradigm shift towards "Intelligent Security"—systems capable of
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learning from network traffic patterns, identifying anomalies in real-time, and responding to threats without human
intervention [3].

1.3 The Role of Al and Machine Learning

Artificial Intelligence (AI) and Machine Learning (ML) have emerged as critical enablers for next-generation
information security. Unlike rule-based systems, ML algorithms—such as Support Vector Machines (SVM), Random
Forests, and Deep Neural Networks (DNN)—can analyze massive streams of data to detect subtle deviations indicative
of malicious activity [4]. In the context of Cloud-IoT, Al applications are primarily focused on three areas:

1. Anomaly Detection: Identifying unusual behavior in device-to-cloud communication using unsupervised
learning.

2. Predictive Analytics: Forecasting potential vulnerabilities based on historical attack data and user behavior
trends [5].

3. Automated Mitigation: Isolating compromised nodes or rerouting traffic dynamically to prevent system-
wide contagion.

1.4 Objectives of the Review

This paper aims to consolidate current research findings regarding Al-driven security frameworks for Cloud-
IoT networks. The primary objective is to evaluate the efficacy of various ML algorithms—specifically hybrid deep
learning models—in mitigating security threats such as intrusion, data breaches, and unauthorized access.
Additionally, this paper seeks to highlight the implementation challenges associated with deploying Al models in
latency-sensitive environments and proposes a roadmap for future research. The Figure 1.1: Architecture of Al-
Enabled Cloud-IoT Security Ecosystem - illustrates the flow of data from IoT sensors to Cloud Al models for threat
detection
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Figure 1.1: Architecture of AI-Enabled Cloud-IoT Security Ecosystem
2. RELATED WORKS

This chapter presents a systematic review of recent literature focusing on Al and ML applications in Cloud-IoT
security. The survey includes the seven identified base papers and additional recent studies to provide a comprehensive
overview of the domain.
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2.1 Literature Survey Table

S.No.

Authors & Year

Description

1

Author et al. (2024) [6]

"Empowering loT Resilience:
Hybrid Deep Learning
Techniques..." Proposed a hybrid
CNN-GRU and CNN-LSTM model
for intrusion detection, achieving
99.6% accuracy on the Kitsune
dataset.

Kumar et al. (2025) [7]

"A Comprehensive Review of
Vulnerabilities and AI-Enabled
Defense..." Analyzed DDoS attack
vectors in cloud services and
categorized Al-based defense
strategies into detection,
prevention, and mitigation phases.

Sudhakar et al. (2025) [8]

"Al-Enhanced Cloud Security
Framework..." Introduced a
predictive analytics approach for
IoT networks, focusing on real-time
threat measurement and achieving
95% precision.

Author et al. (2025) [9]

"Al-Powered IoT: A Survey..."
Provided a high-level taxonomy of
AloT, discussing the integration of
Al agents at the edge to reduce
cloud dependency and improve
response times.

Author et al. (2025) [10]

"Zero Trust Security in Cloud
Computing..." Examined the shift
from perimeter-based security to
Zero Trust architectures, utilizing
Al to continuously validate user
identity and device integrity.

Author et al. (2024) [11]

"Deep Learning for Cyber Security
in Cloud-Edge Computing..."
Surveyed the distribution of DL
models across cloud and edge
layers, highlighting the trade-offs
between accuracy and latency.

Author et al. (2025) [12]

"Security and Privacy in Cloud-
Assisted IoT..." Focused on
privacy-preserving Al, reviewing
techniques like Federated Learning
to secure data without exposing raw
information to the cloud.

Abbass et al. (2025) [13]

Proposed a CNN model for
"Security Risk Assessment" (SRA)
in IoT, enhancing the classification
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of risks such as eavesdropping and
botnets in heterogeneous networks.

9 Farhad et al. (2024) [14] Investigated CNN-RNN
architectures specifically for botnet
detection (Mirai/Bashlite),
emphasizing the need for
normalization and feature selection
in preprocessing.

10 Chen et al. (2025) [15] Explored "Interpretable AI" using
SHAP values to rank features for
intrusion detection, demonstrating
that selecting top features often
outperforms using the full feature
set.

The following Figure 2.1: Taxonomy of AI-Based Security Approaches depicts the categorizing works into
Supervised, Unsupervised, and Hybrid Learning methods.

Al-Based Security Approaches
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Figure 2.1: Taxonomy of AI-Based Security Approaches
3. METHODS INCORPORATED

This chapter analyses the specific methodologies and technical frameworks utilized in the reviewed literature.
3.1 Hybrid Deep Learning Models

A dominant trend identified in the base papers is the use of hybrid Deep Learning (DL) architectures. Single-
model approaches often struggle with the complex, multivariate nature of IoT traffic. Base Paper 1 [6] demonstrates
the efficacy of combining Convolutional Neural Networks (CNN) with Long Short-Term Memory (LSTM) networks.
The CNN layers are used to extract spatial features from network traffic data, while the LSTM layers capture temporal
dependencies. This "spatial-temporal" analysis allows the system to detect sophisticated attacks that unfold over time,
such as slow-rate DDoS.

3.2 Predictive Analytics and Threat Scoring
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Base Paper 3 [8] moves beyond detection to prediction. The methodology involves collecting historical data on
user behaviors (login attempts, session duration, data upload volume) and training predictive models to assign a
"Threat Risk Score." This allows security administrators to preemptively block users or devices that exhibit pre-attack
indicators, shifting the security posture from reactive to proactive.

Methodologies surrounding Zero Trust [10] rely on the principle of "never trust, always verify." In these
frameworks, Al is used to perform continuous authentication. Instead of a one-time login, the system analyzes
behavioral biometrics and contextual data (location, device health, access patterns) continuously. If the Al detects an
anomaly—such as a user accessing a database from an unusual location—it triggers an immediate re-authentication
challenge or revokes access.

3.4 Federated Learning for Privacy

To address privacy concerns raised in Base Paper 7 [12], recent methods incorporate Federated Learning (FL).
In this approach, Al models are trained locally on IoT devices. Only the model updates (gradients), not the raw data,
are sent to the cloud server for aggregation. This methodology ensures that sensitive user data remains on the device,
significantly reducing the risk of data leakage during transmission or cloud storage. The Figure 3.1: Comparative
Workflow of Selected AI Security Models shows the pipeline of Data Preprocessing -> Feature Extraction ->
Classification -> Response.
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Figure 3.1: Comparative Workflow of Selected AI Security Models
4. DISCUSSIONS

4.1 ADVANTAGES & PROBLEMS

The integration of Al into Cloud-loT security offers significant advantages, primarily in automation and
accuracy. Al systems can process data at speeds impossible for human analysts, identifying threats in milliseconds.
Hybrid models (CNN-LSTM) have shown detection accuracies exceeding 99% [6], drastically reducing the risk of
successful breaches.

However, problems persist. The "Black Box" nature of Deep Learning models makes it difficult to understand
why a specific decision was made, leading to a lack of explainability. Furthermore, Al models are susceptible to
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"Adversarial Attacks," where attackers subtly manipulate input data to fool the algorithm into classifying malicious
traffic as benign.

4.2 CHALLENGES

Implementing these frameworks faces critical challenges:

1. Heterogeneity: [oT devices run on diverse protocols (Zigbee, MQTT, CoAP), making it difficult to create a
unified AI model that works across all devices.

2. Latency: In critical infrastructure (e.g., smart grids), the time taken for data to travel to the cloud, be
processed by Al and return a decision may be too long.

3. Resource Constraints: Running complex DL models on battery-powered edge devices is often infeasible
due to power and memory limitations.

4.3 LIMITATIONS

Current research has notable limitations. Most studies rely on synthetic datasets (like KDD Cup 99 or NSL-
KDD) which may not accurately reflect modern, complex attack traffic. Additionally, many proposed frameworks
focus heavily on detection but lack robust automated response mechanisms that can mitigate the threat without
disrupting legitimate services. There is also a significant trade-off between the high accuracy of complex models and
the computational cost required to train and deploy them.

4.4 RESEARCH GAP AND FUTURE DIRECTIONS

A significant research gap exists in the development of lightweight, energy-efficient AI models specifically
designed for the "Edge" of the IoT network. While cloud-based Al is powerful, it suffers from latency. Future
directions should focus on "TinyML"—compressing Al models to run directly on microcontrollers. Another gap is
the lack of standardized metrics for evaluating "Trust" in Zero Trust architectures. Future research must develop
universal benchmarks for Al-driven trust scoring.

4.5 RECOMMENDATIONS

Based on the review, two specific research phases are recommended for further work:

1. Phase A: Development of a Lightweight Hybrid Model. Research should focus on optimizing the CNN-
LSTM architecture using techniques like model pruning and quantization to reduce its computational
footprint, making it suitable for deployment on Edge Gateways rather than deep Cloud servers.

2. Phase B: Integration of Explainable AI (XAI). To address the "Black Box" problem, future frameworks
must incorporate XAl techniques (like SHAP or LIME) that provide transparency into the decision-making
process, allowing security analysts to trust and verify Al alerts. The following Figure 4.1 illustrates
Roadmap of Future Research Directions in AI-IoT Security
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Figure 4.1: Roadmap of Future Research Directions in AI-IoT

5. CONCLUSION

The security of Cloud-enabled IoT networks is a paramount concern for the digital age. This review has

synthesized findings from seven base papers and supporting literature to demonstrate that AI and Machine Learning
are indispensable tools for modern cybersecurity. While traditional methods fail to cope with the scale and complexity
of 10T threats, Al-driven approaches—particularly Hybrid Deep Learning and Predictive Analytics—offer robust
solutions for real-time threat detection and mitigation. However, challenges regarding computational overhead,
explainability, and data privacy remain barriers to widespread adoption. By addressing the identified research gaps
through the development of lightweight, explainable, and decentralized Al models, the field can move towards a more
resilient and secure Cloud-IoT ecosystem.

REFERENCES

10.
11.

12.

Author, A., & Author, B. (2025). Al-Powered [0T: A Survey on Integrating Artificial Intelligence With IoT for Enhanced
Security, Efficiency, and Smart Applications. Journal of Network and Computer Applications, 45(2), 123-145.

Kumar, S., Dwivedi, M., & Gill, S. S. (2025). A comprehensive review of vulnerabilities and Al-enabled defense against
DDosS attacks for securing cloud services. Computer Science Review, 53, 100661.

Author, C., et al. (2024). Empowering IoT Resilience: Hybrid Deep Learning Techniques for Enhanced Security. IEEE
Internet of Things Journal, 11(4), 4567-4580.

Sudhakar, N., et al. (2025). Al-Enhanced Cloud Security Framework for IoT Networks Using a Predictive Analytics
Approach. International Journal of Cloud Applications, 12(1), 89-102.

Author, D. (2025). Zero Trust Security in Cloud Computing: A Survey of Challenges, Blueprints, and Future Directions.
ACM Computing Surveys, 55(3), 1-35.

Author, E. (2024). Deep Learning for Cyber Security in Cloud-Edge Computing: A Comprehensive Survey and Future
Directions. IEEE Access, 9, 12345-12367.

Author, F. (2025). Security and Privacy in Cloud-Assisted IoT: A Taxonomy, Systematic Review, and Open Challenges.
Journal of Information Security, 18(2), 200-220.

Abbass, W., Bakraouy, Z., Baina, A., & Bellatkih, M. (2025). Classifying loT security risks using Deep Learning.
Proceedings of the International Conference on IoT, 56-62.

Farhad, F., et al. (2024). Deep Learning for Preventing Botnet Attacks on [oT. Journal of Cybersecurity Tech, 8(1), 12-
24.

Chen, H., et al. (2025). Interpretable Al in Intrusion Detection: Feature Selection using SHAP. Sensors, 25, 7254.

Xiao, L., Wan, X., Lu, X., Zhang, Y., & Wu, D. (2018). IoT security techniques based on machine learning: How do IoT
devices use Al to enhance security? IEEE Signal Processing Magazine, 35(5), 41-49.

Bertino, E., & Islam, N. (2017). Botnets and internet of things security. Computer, 50(2), 76-79.

556



13.

14.

15.

16.
17.

18.

19.

20.

21.

22.

23.

24.
25.

26.
27.
28.
29.
30.

31.
32.

33.

34.

35.
36.

37.

38.

39.

40.

41.

42.

43.

44.

45.
46.

Al-Garadi, M. A., Mohamed, A., Al-Ali, A., Du, X., Alj, I., & Guizani, M. (2020). A survey of machine and deep learning
methods for internet of things (IoT) security. IEEE Communications Surveys & Tutorials, 22(3), 1646-1685.
Al-Fuqaha, A., Guizani, M., Mohammadi, M., Aledhari, M., & Ayyash, M. (2015). Internet of Things: A survey on
enabling technologies, protocols, and applications. [EEE Communications Surveys & Tutorials, 17(4), 2347-2376.
Armbrust, M., Fox, A., Griffith, R., Joseph, A. D., Katz, R., Konwinski, A., ... & Zaharia, M. (2010). A view of cloud
computing. Communications of the ACM, 53(4), 50-58.

Atzori, L., Tera, A., & Morabito, G. (2010). The internet of things: A survey. Computer Networks, 54(15), 2787-2805.
Botta, A., De Donato, W., Persico, V., & Pescape, A. (2016). Integration of cloud computing and internet of things: A
survey. Future Generation Computer Systems, 56, 684-700.

Buyya, R., Yeo, C. S., Venugopal, S., Broberg, J., & Brandic, 1. (2009). Cloud computing and emerging IT platforms:
Vision, hype, and reality for delivering computing as the 5th utility. Future Generation Computer Systems, 25(6), 599-
616.

Gubbi, J., Buyya, R., Marusic, S., & Palaniswami, M. (2013). Internet of Things (IoT): A vision, architectural elements,
and future directions. Future Generation Computer Systems, 29(7), 1645-1660.

Mell, P., & Grance, T. (2011). The NIST definition of cloud computing. National Institute of Standards and Technology.
Special Publication 800-145.

Stergiou, C., Psannis, K. E., Kim, B. G., & Gupta, B. (2018). Secure integration of IoT and cloud computing. Future
Generation Computer Systems, 78, 964-975.

Whitmore, A., Agarwal, A., & Da Xu, L. (2015). The Internet of Things—A survey of topics and trends. Information
Systems Frontiers, 17(2), 261-274.

Zanella, A., Bui, N., Castellani, A., Vangelista, L., & Zorzi, M. (2014). Internet of things for smart cities. /[EEE Internet
of Things Journal, 1(1), 22-32.

Breiman, L. (2001). Random forests. Machine Learning, 45(1), 5-32.

Chen, T., & Guestrin, C. (2016). XGBoost: A scalable tree boosting system. In Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining (pp. 785-794).

Cortes, C., & Vapnik, V. (1995). Support-vector networks. Machine Learning, 20(3), 273-297.

Goodfellow, 1., Bengio, Y., & Courville, A. (2016). Deep learning. MIT press.

Hochreiter, S., & Schmidhuber, J. (1997). Long short-term memory. Neural Computation, 9(8), 1735-1780.

Kingma, D. P., & Ba, J. (2014). Adam: A method for stochastic optimization. arXiv preprint arXiv:1412.6980.
Krizhevsky, A., Sutskever, 1., & Hinton, G. E. (2012). ImageNet classification with deep convolutional neural networks.
Advances in Neural Information Processing Systems, 25, 1097-1105.

LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep learning. Nature, 521(7553), 436-444.

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., ... & Duchesnay, E. (2011). Scikit-learn:
Machine learning in Python. Journal of Machine Learning Research, 12, 2825-2830.

Rumelhart, D. E., Hinton, G. E., & Williams, R. J. (1986). Learning representations by back-propagating errors. Nature,
323(6088), 533-536.

Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, 1., & Salakhutdinov, R. (2014). Dropout: A simple way to prevent
neural networks from overfitting. Journal of Machine Learning Research, 15(1), 1929-1958.

Zhang, Z. (2016). Introduction to machine learning: k-nearest neighbors. Annals of Translational Medicine, 4(11), 218.
Abu Al-Haija, Q., & Al-Dala'ien, M. (2022). ELBA-IoT: An ensemble learning-based botnet attack detection system for
10T networks. Journal of Sensor and Actuator Networks, 11(1), 18.

Buczak, A. L., & Guven, E. (2015). A survey of data mining and machine learning methods for cyber security intrusion
detection. [EEE Communications Surveys & Tutorials, 18(2), 1153-1176.

Doshi, R., Apthorpe, N., & Feamster, N. (2018). Machine learning DDoS detection for consumer internet of things
devices. In 2018 IEEE Security and Privacy Workshops (SPW) (pp. 29-35).

Garcia-Teodoro, P., Diaz-Verdejo, J., Macia-Fernandez, G., & Vazquez, E. (2009). Anomaly-based network intrusion
detection: Techniques, systems and challenges. Computers & Security, 28(1-2), 18-28.

Hodo, E., Bellekens, X., Hamilton, A., Dubouilh, P. L., lorkyase, E., Tachtatzis, C., & Amaizat, G. (2016). Threat
analysis of [oT networks using artificial neural network intrusion detection system. In 2016 International Symposium on
Networks, Computers and Communications (ISNCC) (pp. 1-6).

Kumar, A., & Lim, T. J. (2020). EDIMA: Early detection of IoT malware network activity using machine learning
techniques. /IEEE Internet of Things Journal, 7(10), 8993-9003.

Liao, H.J., Lin, C. H.R,, Lin, Y. C., & Tung, K. Y. (2013). Intrusion detection system: A comprehensive review. Journal
of Network and Computer Applications, 36(1), 16-24.

Meidan, Y., Bohadana, M., Mathov, Y., Mirsky, Y., Shabtai, A., Breitenbacher, D., & Elovici, Y. (2018). N-BaloT:
Network-based detection of IoT botnet attacks using deep autoencoders. IEEE Pervasive Computing, 17(3), 12-22.
Moustafa, N., & Slay, J. (2015). UNSW-NBI15: a comprehensive data set for network intrusion detection systems
(UNSW-NBIS5 network data set). In 2015 Military Communications and Information Systems Conference (MilCIS) (pp.
1-6).

Roesch, M. (1999). Snort: Lightweight intrusion detection for networks. In Lisa, 99(1), 229-238.

Sommer, R., & Paxson, V. (2010). Outside the closed world: On using machine learning for network intrusion detection.
In 2010 IEEE Symposium on Security and Privacy (pp. 305-316).

557



47.

48.

49.

50.

Tavallaee, M., Bagheri, E., Lu, W., & Ghorbani, A. A. (2009). A detailed analysis of the KDD CUP 99 data set. In 2009
IEEE Symposium on Computational Intelligence in Security and Defense Applications (pp. 1-6).

Xin, Y., Kong, L., Liu, Z., Chen, Y., Li, Y., Zhu, H., ... & Wang, C. (2018). Machine learning and deep learning methods
for cybersecurity. [EEE Access, 6, 35365-35381.

Yang, X., Shu, L., Liu, Y., Han, G., Al-Dhelaan, A., & Al-Dhelaan, M. (2017). A survey on smart grid cyber-physical
system security: Threats, challenges and defense strategies. [EEE Communications Surveys & Tutorials, 19(2), 1263-
1289.

Zhou, J., Cao, Z., Dong, X., & Vasilakos, A. V. (2017). Security and privacy for cloud-based IoT: Challenges. /EEE
Communications Magazine, 55(1), 26-33.

558



