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Abstract- The rapid adoption of the Industrial Internet of Things (lloT) will continue to transform industrial
operations by enabling real-time monitoring, intelligent automation, and data-driven decision-making. However,
the increasing deployment of interconnected sensors, controllers, and smart devices will expose industrial systems
to significant cyber security threats, data breaches, and privacy concerns. Conventional predictive analytics
approaches will often fail to provide robust security while maintaining high prediction accuracy in dynamic industrial
environments. Therefore, this study will propose a Secure Deep Learning Framework for Predictive Analytics in
Industrial Internet of Things (lloT) that will integrate advanced deep learning models with multi-layer security
mechanisms to enhance both predictive performance and data protection.
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Deep learning also enhances anomaly detection in
lloT systems. Autoencoders and other unsupervised
models can learn normal operational patterns and
identify deviations that may indicate faults,
cyberattacks, or abnormal conditions. This capability
is crucial for maintaining operational safety and
minimizing downtime in critical industrial processes.
Moreover, deep learning supports optimization of
production processes by analyzing multivariate data

I. INTRODUCTION

Deep learning plays a pivotal role in harnessing the
full potential of Industrial loT (lloT) data. Unlike
traditional machine learning algorithms, deep
learning models can automatically extract
hierarchical features from raw data, making them
particularly suitable for the complex, high-
dimensional, and temporal data generated by lloT

devices. These models, including Convolutional
Neural Networks (CNNs), Recurrent Neural Networks
(RNNs), Long Short-Term Memory (LSTM) networks,
and Auto encoders, enable predictive analytics,
anomaly detection, fault diagnosis, and process
optimization in industrial environments.

Figure 1: Deep Learning in llot

to identify bottlenecks, inefficiencies, and areas for
energy savings.

The integration of deep learning with edge and
cloud computing further strengthens lloT
capabilities. Edge deployment allows models to
process data near the source, reducing latency and
enabling real-time decision-making. Cloud-based
deep learning enables aggregation of data from
multiple facilities for cross-site analytics, model
training, and continuous improvement. This hybrid
approach ensures scalability, efficiency, and
adaptability of predictive analytics in diverse
industrial environments.

Security is another significant aspect of deep
learning in lloT. Models must be robust against
adversarial attacks and secure against data
tampering, ensuring reliable predictions. Secure
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deep learning frameworks integrate encryption,
federated learning, and privacy-preserving Security

Challenges in lloT Deep Learning

Industrial 10T (lloT) environments, while providing
significant  operational  benefits, are highly
susceptible to a variety of security threats,
particularly when combined with deep learning-

based predictive analytics. The interconnected
nature of IloT networks, involving sensors,
controllers, actuators, gateways, and cloud

platforms, creates multiple attack surfaces for
malicious actors. These vulnerabilities can
compromise both data integrity and model
performance, potentially leading to unsafe or costly
industrial operations.One primary concern is data
security. lloT systems continuously generate high
volumes of real-time data from diverse sensors. If
this data is tampered with, lost, or accessed by
unauthorized entities, the predictions of deep
learning  models can  become unreliable.
Cyberattacks such as data poisoning, where
attackers deliberately manipulate training data, can
cause models to produce incorrect forecasts, leading
to unplanned downtime or faulty decisions.
Additionally, IloT devices often operate in physically
exposed locations, making them susceptible to theft,
tampering, or sabotage.

Model security is another challenge. Deep learning
models in lloT applications are vulnerable to
adversarial attacks, where small, carefully crafted
perturbations in input data can drastically change
model predictions. This could have severe
consequences in industrial operations, such as
triggering false alarms or failing to detect critical
failures. Intellectual property theft is also a concern,
as models trained on proprietary industrial data may
be stolen or replicated without authorization.

The network infrastructure in IloT systems presents
additional challenges. Communication protocols
connecting devices to edge or cloud systems may
lack  robust encryption or authentication
mechanisms, making them prone to interception or
man-in-the-middle attacks. The distributed nature of
lloT, with multiple devices communicating across

potentially  insecure  networks,
monitoring and threat detection.
Privacy issues are increasingly important, especially
in industries handling sensitive operational or
customer data. Predictive analytics may require
aggregating data from multiple sources, raising
concerns about compliance with regulations and
safeguarding confidential information.

complicates

Figure 2: Security Challenges in lloT Deep Learning
Finally, resource constraints in lloT devices limit the
implementation of conventional security measures.
Lightweight sensors and edge devices often cannot
support complex encryption or real-time threat
detection, creating additional vulnerabilities.

Il. LITERATURE REVIEW

Peruthambi et al. (2025) present a comprehensive
study on big data-driven predictive maintenance in
Industrial 10T (lloT) systems. The work emphasizes
leveraging real-time data from sensors and
machinery to predict failures, optimize maintenance
schedules, and reduce operational costs. By
integrating predictive analytics and machine
learning algorithms, the framework facilitates
proactive decision-making and enhances the
reliability of industrial processes. The authors
highlight the significance of large-scale data
collection, data preprocessing, and the role of cloud
and edge computing in supporting real-time
analytics. Challenges such as data heterogeneity,
latency, and security are discussed alongside
strategies for overcoming them, offering a roadmap
for implementing efficient lloT  predictive
maintenance systems. [1]

Suneetha & Haripriya (2025) propose an enhanced
deep learning-integrated blockchain framework to
secure industrial 1oT environments. Their approach
combines the immutability and decentralized nature
of blockchain with the pattern recognition and
anomaly detection capabilities of deep learning. The
framework  ensures data integrity, secure
communication, and real-time threat detection in
lloT networks. Simulation results indicate improved
resilience against cyber-attacks and unauthorized
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access. The study emphasizes scalability, low-latency

data  processing, and  compatibility  with
heterogeneous loT devices. It also highlights
challenges in computational overhead and
blockchain storage requirements. Overall, the

integration of Al and blockchain demonstrates a
promising direction for securing lloT infrastructures
while maintaining operational efficiency. [2]

Mahendran et al. (2025) introduce PRISM-lloT, a
holistic framework for privacy preservation in
industrial loT systems. By combining advanced
cryptographic techniques with blockchain-enabled
auditability, the system addresses key concerns such
as unauthorized data access, tampering, and lack of
transparency. The framework ensures that sensitive
industrial data remains  confidential  while
maintaining traceability and compliance. The
authors provide detailed mechanisms for secure key
management, data encryption, and decentralized
logging. PRISM-lloT  demonstrates enhanced
resistance to insider threats and cyber-attacks,
supporting a wide range of industrial applications.
The study emphasizes the need for privacy-aware
lloT designs that balance operational efficiency,
regulatory compliance, and security. [3]

Kumar et al. (2025) focus on predicting cyber-attacks
in 1oT and lloT devices using an ensemble-based
predictive analytics model. Their methodology
integrates multiple machine learning algorithms to
enhance detection accuracy and reduce false
positives. The study highlights the diversity of IloT
threats, including malware, network intrusion, and
device exploitation, and proposes predictive
analytics to anticipate attacks before they manifest.
Experimental  evaluations demonstrate  high
precision and recall, emphasizing the effectiveness
of ensemble learning in complex lloT environments.
The work contributes to proactive cybersecurity
strategies, enabling industries to mitigate risks and
protect critical infrastructure in real-time. [4]

Reyes-Acosta et al. (2025) present a multivocal state-
of-knowledge review of machine learning
approaches for securing loT in smart industry. By
synthesizing academic literature and industry
practices, the study identifies key trends, challenges,

and best practices for lloT security. The authors
highlight techniques such as anomaly detection,
intrusion detection, and predictive maintenance
using supervised, unsupervised, and reinforcement
learning. The review emphasizes gaps in
standardization, data availability, and interpretability
of  models in real-world deployments.
Recommendations include integrating Al-based
security with loT protocols and adopting adaptive
models that evolve with changing industrial
environments. This comprehensive review serves as
a valuable resource for researchers and practitioners
seeking to enhance lloT cybersecurity. [5]

Balusa et al. (2026) propose "The Al Shield," an
advanced framework to enhance security in
Industrial l1oT environments by leveraging artificial
intelligence. The study focuses on real-time threat
detection, anomaly identification, and proactive
mitigation of cyber-attacks using machine learning
models. The framework integrates edge computing
to reduce latency and ensure fast response times
while maintaining scalability for large lloT networks.
The authors highlight Al-driven risk assessment and
decision-making, demonstrating improved
detection accuracy over conventional security
methods. Challenges such as data heterogeneity,
computational overhead, and integration with
legacy systems are addressed. Overall, "The Al
Shield" provides a holistic approach for safeguarding
industrial  networks, emphasizing Al-enabled
resilience and intelligent automation in security
operations. [6]

Qaddoori & Ali (2025) present an efficient security
model for lloT systems based on machine learning
principles. The framework focuses on detecting and
mitigating cyber threats in industrial networks by
leveraging supervised learning and anomaly
detection techniques. The study emphasizes
lightweight models suitable for resource-
constrained loT devices while ensuring high
detection accuracy. Key contributions include
adaptive threat prediction, secure communication,
and enhanced reliability of lloT systems. The authors
address challenges such as network scalability,
heterogeneous device integration, and real-time
processing of large volumes of sensor data. Their
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approach demonstrates improved performance in
simulated industrial scenarios, offering a practical
solution for robust lloT cybersecurity. [7]

Alabadi et al. (2024) introduce a decentralized and
distributed deep learning framework for predictive
maintenance in lloT systems. By combining edge and
cloud computing, the framework enables real-time
monitoring, early fault detection, and optimized
maintenance scheduling. The study emphasizes
model decentralization to reduce latency, enhance
data privacy, and improve scalability across
heterogeneous industrial devices. Performance
evaluation demonstrates high predictive accuracy
and reliability in diverse 1loT environments. The
authors also discuss challenges in data
heterogeneity, synchronization, and integration with
existing industrial processes. Overall, this framework
highlights the potential of distributed deep learning
to improve operational efficiency and reduce
downtime in smart manufacturing systems. [8]

Kalilulah et al. (2024) provide a detailed analysis of
advancements and security challenges in lloT. The
study identifies vulnerabilities such as unauthorized
access, malware, and data leakage in industrial
networks. It also reviews emerging solutions,
including deep learning-based intrusion detection,
blockchain-enabled authentication, and hybrid
security protocols. The authors emphasize the
importance of integrating Al-driven analytics with
security frameworks to ensure adaptive protection.
Case studies illustrate practical applications in
manufacturing, energy, and logistics sectors. The
study highlights gaps in standardization, device
heterogeneity, and real-time threat response.
Overall, this work offers a comprehensive overview
of lloT security challenges and strategies to

strengthen resilience in  complex industrial
environments. [9]
Alkhafaji et al. (2024) propose an integrated

approach combining genetic algorithms and deep
learning for cyber-attack detection in lloT
environments. The hybrid model optimizes feature
selection through genetic algorithms and applies
deep learning for anomaly detection and
classification. Experimental results show improved

accuracy, reduced false positives, and faster
detection times compared to conventional methods.
The framework addresses challenges in high-
dimensional IloT data, heterogeneous devices, and
evolving cyber threats. The study emphasizes the
importance of adaptive and intelligent security
systems that can protect industrial networks while
maintaining operational efficiency. This research
highlights the potential of hybrid Al techniques for
robust lloT cybersecurity. [10]

I1l. RESEARCH METHODOLOGY

Research Design and Approach

This research adopts a quantitative experimental
research design to develop, implement, and validate
a secure deep learning framework aimed at
enhancing the security and reliability of lloT systems.
The methodology is structured to ensure systematic
investigation, empirical validation, and objective
comparison  between conventional predictive
models and the proposed secure hybrid framework.
The research methodology outlines a systematic
approach to develop and evaluate a secure deep
learning framework for predictive analytics in lloT.

The methodology consists of the following key

phases:

e Literature Review and Problem Analysis: A
comprehensive survey of existing literature will
be conducted to identify current approaches,
techniques, and frameworks involving deep
learning and security in lloT-based predictive
analytics. Critical analysis of research gaps,
technological limitations, and unresolved
challenges will form the foundation for
framework design.

o Dataset Collection and Preprocessing: Real-
world or benchmark IloT datasets will be
collected, including data related to sensor
readings, machine status logs, faults, and attack
scenarios. Preprocessing will involve data
cleaning, normalization, missing value handling,
and feature extraction to prepare inputs for deep
learning models.

e Model Design and Framework Development:
A novel or hybrid deep learning model (e.g.,
combining LSTM, CNN, or Autoencoders) will be

4



Ms. Neha Yadav, International Journal of Science, Engineering and Technology,

2026, 14:4

designed for predictive analytics tasks such as
anomaly detection or fault prediction. The
framework will incorporate security techniques
such as:

e Federated Learning for decentralized model
training.

o Differential Privacy to protect sensitive data.

e Blockchain Integration for data immutability and
secure logging.

o XAl to enhance
interpretability.

e Implementation and Training: The proposed
model will be implemented using deep learning
platforms such as Tensor Flow or PyTorch.
Training will be conducted in a simulated lloT
environment that reflects real-world industrial
conditions. Both centralized and decentralized
(federated) training setups will be explored.

1. Performance Evaluation: The framework will be
evaluated using key metrics including Prediction
Accuracy, Latency and Computation Time,
Privacy Preservation, and Model Robustness
against Cyber Threats. Comparative analysis will
be conducted against conventional models to
validate performance improvements.

2. Validation and Case Study: If feasible, the
model may be tested on a real-time industrial

transparency and

testbed or simulated IlloT environment to
validate its practical effectiveness and
adaptability.

3. Result Analysis and Conclusion: Experimental
results will be analyzed, interpreted, and
documented. Conclusions will be drawn based
on the research objectives, and possible future
improvements will be suggested.

Literature Review o Collects Mocks! Designand
andProblen al . ——  Framework
Anzlysis fiepeas s Development
and Training Evaluation Case Study
and Conclusion

Figure 3: Process flow of Research Methodology

The study follows a quantitative approach based on
measurable performance, security, and reliability
metrics. Since IloT environments generate large
volumes of structured and time-series data,
quantitative techniques are appropriate for statistical
evaluation and model benchmarking. This
methodology ensures that the proposed research is
grounded in current knowledge, technically
innovative, and empirically validated for practical
application in secure lloT environments.

Proposed Secure Deep Learning Framework
The proposed model is a secure, hybrid deep
learning framework designed specifically for
predictive analytics in lloT environments. It
integrates advanced deep learning architectures
with  modern security and privacy-preserving
technologies to ensure accurate, explainable, and
secure predictions in real-time industrial settings.

e Data Acquisition Layer: It collects real-time
sensor data from IloT devices and ensures secure
data transmission using lightweight encryption
protocols.

o Data Preprocessing Layer: It performs data
cleaning, missing value imputation,
normalization, and noise reduction and extracts
temporal and spatial features relevant to
predictive maintenance, anomaly detection, and
system optimization.

o Federated Deep Learning Layer: It implements
federated learning to enable distributed model
training across edge devices without
transmitting raw data to a central server, uses
CNNs for feature extraction and LSTM networks
for time-series prediction, and ensures privacy
using differential privacy mechanisms to mask
sensitive data.

o Security Integration Layer: Utilizes blockchain
technology to log data access, model updates,
and events in a tamper-proof, decentralized
ledger. Employs access control mechanisms and
encryption algorithms to protect model
parameters and communication channels. It
includes adversarial training to enhance model
robustness against cyberattacks.
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o Integrates SHAP or LIME techniques to explain
predictions in a human-understandable form. It
provides visual dashboards for decision-makers
to interpret model results.

Secure Deep Lasrseng frameworfh e "
Precictive Anshytics i 1OT Lagwr "
-t

Figure'4: Pr‘opos.ed Model
IV. CONCLUSIONS

This research presented a comprehensive and secure
deep learning framework for Industrial Internet of
Things (lloT) environments, addressing the growing
need for intelligent, resilient, and privacy-preserving
intrusion detection mechanisms in modern smart
industries. With the rapid expansion of connected
industrial devices, lloT infrastructures have become
highly vulnerable to sophisticated cyber threats,
distributed attacks, adversarial manipulation, and
data privacy breaches. Traditional intrusion
detection systems and standalone deep learning
models often fail to provide the necessary
robustness, scalability, and security guarantees
required for critical industrial deployments. To
overcome these limitations, this study proposed a
Secure Hybrid Deep Learning (SHDL) framework that
integrates hybrid CNN-LSTM architecture, edge-
assisted deployment, federated learning, adversarial
robustness mechanisms, and privacy-preserving
aggregation into a unified security solution.

The research also addressed scalability and reliability
challenges  inherent  in  distributed lloT
infrastructures. Through edge-assisted deployment,
the SHDL framework reduced latency and enabled
near real-time intrusion detection, making it suitable
for time-critical industrial processes. Scalability

analysis demonstrated stable performance as the
number of devices and data volume increased,
confirming that the framework can adapt to large-

scale industrial networks without significant
degradation. Reliability assessment further indicated
consistent performance across multiple

experimental runs and varying network conditions,
reinforcing its suitability for practical deployment.

Future Scope

Future research may also investigate continual and
lifelong learning mechanisms. Industrial
environments evolve dynamically, with new devices,
protocols, and attack patterns emerging over time.
Static training approaches may struggle to adapt to
these changes. Incorporating online learning,
incremental model updating, or concept drift
detection mechanisms would allow the SHDL
framework to continuously learn from new data
without catastrophic forgetting. Such adaptive
learning would enhance long-term deployment
stability in real-world industrial systems.

Scalability across ultra-large industrial networks
presents another area for further exploration. While
federated learning improves privacy and distributed
training efficiency, communication overhead and
synchronization delays can increase as the number
of edge devices grows. Future work can explore
communication-efficient federated optimization
techniques, such as gradient compression, adaptive
client selection, asynchronous aggregation, and
hierarchical federated learning architectures. These
improvements would make the framework more
suitable for large-scale smart factories and cross-
industry collaborative environments.

REFERENCES

1. Peruthambi, V. Pandiri, L, Kaulwar, P. K,
Koppoluy, H. K. R., Adusupalli, B., & Pamisetty, A.
(2025). Big Data-Driven Predictive Maintenance
for Industrial IoT (lloT) Systems. Metallurgical
and Materials Engineering, 31(3), 21-30.

2. Suneetha, G., & Haripriya, D. (2025). An
enhanced deep learning integrated blockchain
framework for securing industrial loT. Peer-to-
Peer Networking and Applications, 18(1), 28.



Ms. Neha Yadav, International Journal of Science, Engineering and Technology,
2026, 14:4

10.

Mahendran, R. K, Khan, A, Ullah, F., Ali, F, & 11. Al-Hawawreh, M., & Hossain, M. S. (2024). Digital

AlZubi, A. A. (2025). PRISM-IlloT: A holistic
approach for privacy preservation in industrial
loT using advanced cryptography and
blockchain-enabled  auditability —framework.
Alexandria Engineering Journal, 128, 816-832.
Kumar, P. M., Shahwar, T, Gokulnath, C, &
Selvaraj, J. (2025, February). Cyber attack
prediction on loT and IIOT devices using
ensemble based predictive analytic model. In
2025 IEEE 4th International Conference on Al in
Cybersecurity (ICAIC) (pp. 1-7). IEEE.
Reyes-Acosta, R., Dominguez-Baez, C,
Mendoza-Gonzalez, R, & Vargas Martin, M.
(2025). Analysis of machine learning-based
approaches for securing the Internet of Things in
the smart industry: a multivocal state of
knowledge review. International Journal of
Information Security, 24(1), 31.

Balusa, V. S, Reddy, C. K. K, Koormala, H.,
Rajyalakshmi, C., & Doss, S. (2026). The Al shield:
Enhancing the security in industrial 1oT. In
Information Security Governance using Artificial
Intelligence of Things in Smart Environments
(pp. 258-278). CRC Press.

Qaddoori, S. L, & Ali, Q. I. (2025). An efficient
security model for industrial internet of things
(IloT) system based on machine learning
principles. arXiv preprint arXiv:2502.06502.
Alabadi, M., Habbal, A., & Guizani, M. (2024). An
innovative decentralized and distributed deep
learning framework for predictive maintenance
in the industrial internet of things. IEEE Internet
of Things Journal, 11(11), 20271-20286.
Kalilulah, S. I, Indu, V. T., Gokuldhev, M., Deepa,
S, & Sushma, G. (2024, September).
Advancements and Security Challenges in the
Industrial Internet of Things (lloT). In 2024
International Conference on Integration of
Emerging Technologies for the Digital World
(ICIETDW) (pp. 1-6). IEEE.

Alkhafaji, N., Viana, T., & Al-Sherbaz, A. (2024).
Integrated genetic algorithm and deep learning
approach for effective Cyber-Attack detection
and classification in industrial Internet of things
(lloT) environments. Arabian Journal for Science
and Engineering, 1-25.

12.

13.

14.

15.

16.

17.

18.

19.

20.

twin-driven  secured  edge-private  cloud
Industrial Internet of Things (lloT) framework.
Journal of Network and Computer Applications,
226, 103888.

Kumar, S., Lalitha Kameswari, Y., Koteswara Rao,
S., Moram, V., & Shital, S. (2024). Neural
Networks for Cloud-Based Industrial Internet of
Things. In Smart Computing Techniques in
Industrial loT (pp. 41-60). Singapore: Springer
Nature Singapore.

Li, H., Li, S., & Min, G. (2024). Lightweight privacy-
preserving predictive maintenance in 6G
enabled lloT. Journal of Industrial Information
Integration, 39, 100548.

Konatham, B., Simra, T., Amsaad, F., lorahem, M.
[, & Jhanjhi, N. Z. (2024). A secure hybrid deep
learning technique for anomaly detection in iiot
edge computing. Authorea Preprints.

Bhoi, G., Sahu, R. K, Oram, E., & Jhanjhi, N. Z.
(2024). Risk Assessment and Security of
Industrial Internet of Things Network Using
Advance Machine Learning. In Machine Learning
for Cyber Physical System: Advances and
Challenges (pp. 267-285). Cham: Springer
Nature Switzerland.

Aljuhani, A, Kumar, P., Alanazi, R, Albalawi, T,
Taouali, O, Islam, A. N,, ... & Alazab, M. (2023). A
deep-learning-integrated blockchain framework
for securing industrial 1oT. IEEE Internet of Things
Journal, 11(5), 7817-7827.

Hassan, Y. G., Collins, A., Babatunde, G. O., Alabi,
A. A, & Mustapha, S. D. (2023). Al-powered
cyber-physical security framework for critical
industrial loT systems. Machine learning, 27,
1158-1164.

Alshathri, S., El-Sayed, A. El Shafai, W., &
Hemdan, E. E. D. (2023). An Efficient Intrusion
Detection Framework for Industrial Internet of
Things Security. Comput. Syst. Sci. Eng., 46(1),
819-834.

Shtayat, M. B. M., Hasan, M. K., Sulaiman, R,
Islam, S., & Khan, A. U. R. (2023). An explainable
ensemble deep learning approach for intrusion
detection in industrial internet of things. IEEE
Access, 11, 115047-115061.

Sankaran, K. S., & Kim, B. H. (2023). Deep
learning based energy efficient optimal RMC-



Ms. Neha Yadav, International Journal of Science, Engineering and Technology,

2026, 14:4

21.

22.

23.

24.

25.

26.

CNN model for secured data transmission and
anomaly detection in industrial IOT. Sustainable
Energy Technologies and Assessments, 56,
102983.

Konatham, B. R., Simra, T., Ghimire, A., Amsaad,
F., Ibrahem, M. I, & Jhanjhi, N. Z. (2023, August).
Ml-assisted security for anomaly detection in
industrial iot (iiot) applications. In 2023 Second
International Conference On Smart
Technologies For Smart Nation (SmartTechCon)
(pp- 1120-1127). IEEE.

Jayalaxmi, P. L. S., Saha, R., Kumar, G., Alazab, M.,
Conti, M., & Cheng, X. (2023). PIGNUS: A Deep
Learning model for IDS in industrial internet-of-
things. Computers & Security, 132, 103315.
Soliman, S., Oudah, W., & Aljuhani, A. (2023).
Deep learning-based intrusion detection
approach for securing industrial Internet of
Things. Alexandria Engineering Journal, 81, 371-
383.

Kumar, P., Kumar, R., Gupta, G. P., Tripathi, R., &
Srivastava, G. (2022). P2tif: A blockchain and
deep learning framework for privacy-preserved
threat intelligence in industrial iot. IEEE
Transactions on Industrial Informatics, 18(9),
6358-6367.

Kumar, P., Kumar, R, Kumar, A., Franklin, A. A,
Garg, S., & Singh, S. (2022). Blockchain and deep
learning for secure communication in digital
twin empowered industrial loT network. IEEE
Transactions on  Network Science and
Engineering, 10(5), 2802-2813.

Hasan, T., Malik, J.,, Bibi, I., Khan, W. U., Al-Wesabi,
F. N, Dev, K, & Huang, G. (2022). Securing
industrial internet of things against botnet
attacks using hybrid deep learning approach.
IEEE Transactions on Network Science and
Engineering, 10(5), 2952-2963.



