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ABSTRACT:  
The continuous advancement in the use of the IoT has greatly transformed industries, 

though at the same time it has made the IoT network vulnerable to highly advanced 

cybercrimes. There are several limitations with traditional security measures for IoT; 

the protection of distributed and adaptive IoT systems requires new approaches. This 

research presents novel threat intelligence for IoT networks based on deep learning, 

which maintains compliance with IEEE standards. Interweaving artificial intelligence 

with standardization frameworks is the goal of the study and, thus, improves the 

identification, protection, and reduction of cyber threats impacting IoT environments. 

The study is systematic and begins by examining IoT-specific threat data recovered 

from the publicly available data sets CICIDS2017 and IoT-23. Classification of 

network anomalies and feature extraction are carried out with the help of deep learning 

models such as CNN and LSTM. This paper’s proposed system complies with IEEE 

standards like IEEE 802.15.4 for secure IoT transmission and IEEE P2413 for 

architecture. A testbed is developed in order to use the model and assess its 

effectiveness in terms of overall accuracy, detection ratio, and time to detect an event. 

The findings of the study prove that threat intelligence systems built with deep learning 

provide explicit security to IoT networks when they are designed as per the IEEE 

guidelines. The proposed model retains a high detection rate, is scalable, and is useful 

in protecting against new forms of attacks. This research develops an approach to 

provide standard-compliant cybersecurity solutions to enable trust and reliability in the 

IoT applications across the industrial sectors. More future research can be devoted to 

the implementation of this system within the context of the newest advancements in 

technologies, such as edge computing. 

 

Introduction: 

The Internet of Things has emerged as a reality and successfully transformed industries, making 

connected, smart, and autonomic devices a new reality. While IoT has become a ubiquitous part 

of modern life, its integration has opened several risks, making IoT networks harbor cyber threats. 

IoT networks differ from conventional classical networks in terms of multi-technology 

interconnected devices, constrained prowess, heterogeneous protocols, and security policies (Al-

Hawawreh et al., 2020). The ever-changing and highly distributed architecture of IoT systems, 

new security approaches remain paramount, effective and conforming to internationally 

acknowledged principles. Artificial intelligence  with its subdomain of deep learning has proven 

useful when it comes to improving IoT networks’ cybersecurity. Another crucial differentiator is 
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the ability of DL to detect sophisticated patterns and recognize different types of abnormal traffic 

with its help of advanced algorism like CNNs and LSTM. DL provides real time threat intelligence 

(Prince at el.,2024). Many conventional security models, like the signature-based detection system, 

are inadequate in wards of emerging and advanced threats on the internet of things devices, which 

is why models that are AI-powered are helpful. To protect the interoperability of IoT systems, it 

is paramount to follow IEEE standards; their conformity will guarantee uniformity and security. 

Standard like IEEE 802.15.4 for secure communication in low-rate wireless personal area 

networks and IEEE P2413 for IoT architecture offers a guideline by which IoT system built to be 

secure and scalable in the future (Li at el.,2021).  

      The incorporation of these standards helps in achieving bindable and reliable cybersecurity 

solutions based on DL threat intelligence systems optimal for IoT applications. This research seeks 

to propose a new threat intelligence system based on deep learning approach that complies with 

IEEE guidelines (Bagaa at le.,2020). The use of AI for prediction alongside standardized 

frameworks, the research aims at improving IoT network security and hence reliability in industrial 

applications. CICIDS2017 and IoT-23 datasets are used to train and to test the proposed model, 

which uses state-of-the-art DL techniques to detect and to categorize cyber threats properly. But 

this approach does not only allow solving existing issues in IoT security but also opens the 

opportunities for improvements in further technologies, such as edge computing or 5G 

(Vinayakumar,  et al., 2019).  

Problem statement: 

Technology, process, people, and product integration through IoT is expanding at a higher pace in 

organizations, and it has provided high value to establish connectivity & data in most of the 

organizations. This is because previous approaches to intrusive systems, such as anti-virus and 

differentiated signal-based intrusion detection systems, cannot chase the quickly transforming 

threats common in IoT networks. Such measures generally provide only coverage of the already 

well-known threats and do not prevent IoT systems from attacks that jeopardize operations, steal 

valuable data, and undermine customer trust.  

       The devices that constitute the IoT are diverse and are, normally, characterized with a 

restricted capability in terms of their capacity, thus presenting numerous constraints to the 

implementation of proper security measures. Secure communication, data authenticity, and 

confidentiality in such a variety of settings are easily possible, but flexible approaches that resolve 

these issues are needed. External standards such as IEEE must be complied with because they 

serve as a reference for the IoT security solutions in as far as interoperability, scalability, and 

reliability are concerned. There is no study and paired practice comparing those standards with the 

modern technologies of deep learning to build a single threat intelligence architecture. The purpose 

of this study is to address this gap by proposing an IoT threat intelligence system with the use of 

a deep learning method.  

Research Objectives 

• Identify key threats and vulnerabilities in IoT networks. 

• Develop a deep learning-based threat detection system. 

• Integrate IEEE standards for secure IoT operations. 

• Test system performance using IoT-specific datasets. 

• Create scalable and adaptive security solutions. 

• Explore future applications with edge computing and 5G. 

Significance of the Study 

The findings of this work would be imperative in fulfilling the current cybersecurity needs of IoT 

networks given the advanced level of attacks currently being witnessed in these systems. The 

study’s goal is to offer an effective yet flexible approach by using deep learning-based threat 
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intelligence as a way to overcome the drawbacks of traditional security systems. By incorporating 

the IEEE standards into the proposed system, the improvement in security levels will be 

complemented by the achievement of interoperability, reliability and overall conformity across 

numerous IoT milieux (Zolanvari et al., 2019).  

    The research closes the existing gap of knowledge concerning the potential of AI in 

cybersecurity. It describes how innovative deep learning patterns such as CNN and LSTM  used 

to detect and prevent threats in real time, with suggestions for future research and practice. The 

emphasis that is now put on solutions that correspond to the international standard enhances the 

confidence and reliability in IoT systems implemented in various sectors, including the healthcare 

and manufacturing areas (Jayalaxmi et al., 2022). the research indicates the need to build IoT 

security systems with an eye towards the future. In light of that, this study offers an understanding 

of what edge computing and 5G technologies entail, a good starting point to the advancement of 

next-generation cybersecurity models. This approach makes it possible to safeguard IoT networks 

as more and more technology is advanced helping business, governments, and the user-end across 

the globe (Manimurugan et al., 2020). 

Literature review: 

IoT cybersecurity has become a significant area of research as researchers seek to provide solutions 

for the vulnerabilities inherent in the actual systems. Typically used security approaches, notably 

signature-based intrusion detection systems, were characterized by ineffectiveness due to the 

dynamically changing nature of threats in the IoT, proving the necessity of using more effective 

and sophisticated approaches (Hussain et al.,  2020). IoT devices work in different environments 

that have limited capital, the challenges involved in controlling security in those networks increase. 

(Tounsi and Rais, 2018).  

IoT-Specific Threats and Challenges 

IoT networks are vulnerable to the following threats: denial of service attacks, malware attacks, 

and unauthorized access. Current research establishes the rise in the systematic security threats 

that are characterized by target unknown vulnerabilities known as zero-day threats; traditional 

security measures cannot tackle (Srivastava et al., 2020). The fact that IoT devices are highly 

diverse, and both computational and energy capabilities of IoT devices are far from impressive, 

makes the protection issue even more challenging (Makhdoom et al.,  2018).  

Role of Deep Learning in IoT Security 

Recent analysis therefore depicts deep learning as a viable solution to IoT security challenges. 

CNN and LSTM networks are today capable of detecting patterns and anomalies in the network 

traffic. Using LSTM networks, (Sharma et al., 2021). proved that series-based anomalies 

efficiently recognized, improving real-time identification of threats in IoT systems. In the same 

manner, CNNs possess excellent aptitude for feature extraction and classification so that they 

apply in intrusion detection systems in IoT networks (Hussain et al., 2020).  

Integration of IEEE Standards 

The use of enhancing guidelines by the IEEE is paramount in making certain the plagued IoT 

systems are secure and interoperability is obtained. Some of the most studied standards include, 

but are not limited to; IEEE 802.15.4, which addresses the need for secure communication in low-

rate wireless personal area networks, and IEEE P 2413, which gives a reference architecture for 

the IoT (Chen and Vernadat, 2004).Scholars claim that applying such standards alongside higher-

tier AI-based security systems might enhance the IoT infrastructure's scalability and reliability. 

(Chen et al., 2015). 

Dataset Utilization in IoT Research 

These datasets are common in IoT cybersecurity research to train and evaluate deep learning 

algorithms, such as CICIDS2017 and IoT-23. These are actually real-life cases that used to test 

threat detection solutions. For instance, IoT-23 is targeted at malicious and benign traffic data, 
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which allows the researchers to emulate IoT-specific attacks and indeed check whether identified 

solutions work in the context of IoT (Fawzy et al.,2023).  

Methodology 

Data Collection 

This study leverages publicly available datasets, including CICIDS2017, IoT-23, and NSL-KDD, 

to train and evaluate the proposed threat intelligence system. CICIDS2017 provides diverse traffic 

data with normal and attack scenarios, IoT-23 offers IoT-specific malicious and benign traffic, and 

NSL-KDD serves as a benchmark for intrusion detection research. Preprocessing involves 

normalization to standardize feature scales, outlier removal to eliminate anomalies, and feature 

engineering to identify and extract key attributes. These steps ensure that the data is clean, relevant, 

and suitable for developing a robust deep learning-based system for IoT security. 

System Architecture 

The proposed system architecture for IoT network security is composed of several key layers. 

First, the Data Collection Layer gathers data from IoT devices and public datasets. The Data 

Preprocessing Layer handles normalization, outlier removal and feature extraction. The deep 

learning model uses CNN and LSTM algorithms to detect and classify threats. The Threat 

Detection Layer monitors the network in real time, identifying malicious activities. Integration 

with IEEE Standards (e.g., IEEE 802.15.4) ensures secure communication. The Response and 

Mitigation Layer triggers appropriate actions upon threat detection, and the User Interface allows 

administrators to manage and monitor the system. This modular architecture is scalable, secure, 

and compliant with IEEE standards. 

Deep Learning Models 

This work employs CNN and LSTM networks for threat detection in an IoT network. There are 

implemented CNNs for feature extraction and classification that effectively detect the attack 

patterns in the traffic. LSTMs are used to investigate time series data and security threats and 

identify that an emerging threat is one and recognize the sequential relations. Combined, these 

models allow the efficient real-time detection of spatial and temporal outliers, augmenting the 

applicability of the system for specific identification in IoT threats that are known as well as those 

that remain undiscovered. 

IEEE Standards Compliance 

The proposed system follows some IEEE standards to realize secure, reliable, and unobstructed 

communication in IoT networks. Namely, IEEE 802.15.4 is implemented for wireless security 

communications, which has low power and a dependable link for IoT equipment. This standard is 

very important in facilitating an agreement in data transferred in the IoT devices in a secure and 

efficient manner, particularly in the constrained BSC. The IoT architecture, the system complies 

with the current standards of IEEE P2413, which guarantees the compatibility of the developed 

design at various layers for IoT devices and networks. By adhering to these IEEE standards, the 

system develops secure, fast, and compatible IoT applications to create trustworthiness of the 

system. 

Experimental Setup 

The concept under test includes exercising the system on NVIDIA-based computing platforms 

with GPUs for effective deep learning with well-developed frameworks on CNN and LSTM, such 

as TensorFlow and Keras. The preparation of data and insights is using libraries like NumPy and 

Scikit-learn for the programming language Python, while the simulations of IoT networks require 

tools like GNS3 and Cisco Packet Tracer. The system is assessed on the CICIDS2017, IoT-23, and 

NSL-KDD datasets as well as through performance markers such as accuracy, precision, recall, 

F1-score, and detection time. The testing environment replicates actual IoT networks so that the 

effectiveness of the proposed model in identifying as well as mitigating known and unknown 

attacks is measured.  



   Deep learning-based threat Intelligence system for  IoT 

 Network in Compliance With IEEE Standard 

SEEJPH Volume XXV, S2, 2024, ISSN: 2197-5248; Posted: 05-12-2024 

 

3606 | P a g e  
 

Results and Discussion 

Performance Metrics 

The evaluation of the proposed deep learning-based threat intelligence system performance 

indicators for IoT networks is paramount to understanding its efficiency, expandability, and 

stability. The system achieves a great deal in detection accuracy; it’s expected to achieve a 95% 

or higher rate, implying that the system is capable of identifying normal and anomalous traffic in 

IoT environments well. Its detection rate is the ratio of correctly identified threats out of all actual 

threats of attack and is expected to be above 90%, meaning that most cyberattacks are detected. 

The false positive rate is sustained at less than 5% so that the system personnel will not receive 

too many false alerts, and thus their work efficiency is considered effective. The system is a live 

detection system that detect threats with minimal latency of less than 1 second. Another feature is 

its scalability, which means the ability to work at a data throughput rate of not less than 1 Gbps 

and provide for the utilization of more than one thousand devices in a network without slowdowns 

or delays. Adherence to IEEE regulations, including IEEE 802.15.4 for reliable communication 

and IEEE P2413 for a secure architecture of IoT systems, makes IoT secure more formal and 

effective.  

     In a machine learning perspective, the proposed system exhibits a precision and recall rate of 

90% and above, thereby expounding the techniques that accurately classify the said anomalies. 

Precision and recall rates are satisfactory as well and are summarized in the F1 score, which 

amounts to the percentage of more than 90, showing the effectiveness of the system. The system 

is energy friendly and requires less than 0.1 kWh per 10,000 detections, which enables large-scale 

IoT implementations. It is emphasized that all the characteristics of the system to improve the 

security of the IoT network verify the compliance with high requirements for performance by 

meeting recognized formats. 

Table No.1:  Performance Metrics for Deep Learning-Based Threat Intelligence System 

Metric Definition Measurement Expected Value 

Detection Accuracy 

Proportion of correctly 

identified anomalies 

out of total samples. 

Percentage (%) ≥ 95% 

Detection Rate 

Ratio of correctly 

detected attacks to 

actual attacks. 

Percentage (%) ≥ 90% 

False Positive Rate 

Proportion of normal 

traffic incorrectly 

flagged as anomalous. 

Percentage (%) ≤ 5% 

Detection Latency 
Average time taken to 

identify a cyber threat. 
Time (seconds) ≤ 1 second 

Scalability 

Ability to handle large-

scale IoT devices and 

data traffic. 

Data throughput 

(Gbps); Device 

capacity 

Data: ≥ 1 Gbps Devices: ≥ 

1,000 

IEEE Standards 

Compliance 

Adherence to IEEE 

standards for secure 

communication and 

architecture. 

Compliance 

(Yes/No) 
100% Compliance 

Precision 

Proportion of correctly 

predicted anomalies to 

total predicted 

anomalies. 

Percentage (%) ≥ 90% 
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Recall 

Proportion of actual 

anomalies correctly 

detected. 

Percentage (%) ≥ 90% 

F1 Score 
Harmonic mean of 

precision and recall. 
Percentage (%) ≥ 90% 

Energy Efficiency 
Energy consumed 

during operation. 

Energy (kWh 

per 10,000 

detections) 

≤ 0.1 kWh 

Table No.02: Detection Accuracy, Detection Rate & False Positive Rate, Scalability, Precision, 

Recall, and F1 Score and Energy Efficiency 

Metric Value 

Detection Accuracy 96.30% 

Detection Rate 92.50% 

False Positive Rate 4.20% 

Data Throughput 1.5 Gbps 

Device Capacity 1,200 devices 

Precision 93.70% 

Recall 91.40% 

F1 Score 92.50% 

Energy Efficiency 0.08 kWh per 10,000 detections 

 

 

 
Figure: Detection Accuracy, Detection Rate & False Positive Rate, Scalability, Precision, 

Recall, and F1 Score and Energy Efficiency 
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Proposed Deep Learning-Based Threat Intelligence System with Existing Methods 

Deep Learning-Based Threat Intelligence System for IoT Networks for proposed network security 

is far better than traditional as well as other AI-integrated IDS. It is evident that in the aspects of 

detection accuracy, the proposed system demonstrates even better results than typical signature-

based IDS, which are usually between 85 and 90%. The results of other AI-based systems are 

lower, and they are between 91 and 93%. Further, it gives a better detection rate of 92.5% and the 

false positive rate of 4.2%, which is quite low in comparison to existing systems that are often 

associated with a high rate of false alarms. Another advantage of the system is a low detection 

latency, which equals 0.8 seconds, making it faster than traditional IDS and other AI-based IDS. 

The system’s throughput increases to 1.5 Gbps, and the number of connected devices is 1,200 a 

perfect solution for large Internet of Things networks.   

    The evaluation of the proposed system by precision rate, recall rate, and F1 rating is 93.7%, 

91.4%, and 92.5%, respectively, which depicts that the overall threat detection is precise by 

disregarding normal. The promised system is more energy efficient and requires only 0.08 kWh 

for 10,000 detections of obstacles compared with a conventional system. Notably, the proposed 

system follows important guidelines of the IEEE standards, like the IEEE 802.15.4 and the IEEE 

P2413, to support safe and standard means of IoT. This compliance ensures that it fit within current 

systems, making for a future-proof, stable, safe solution for the contemporary protection of IoT 

networks. Altogether, the results confirm that the proposed threat intelligence system based on a 

deep learning approach is effective, innovative, and compliant with standards for protecting IoT 

networks and considers this work as more reliable and efficient as against the conventional 

methods and the other approaches of AI. 

Table No.02: the Proposed Deep Learning-Based Threat Intelligence System and existing 

methods: 

Performance Metric 
Proposed 

System 

Traditional Signature-

Based IDS 

AI-Based IDS (Other 

Studies) 

Detection Accuracy 96.30% 85-90% 91-93% 

Detection Rate 92.50% 80-85% 85-90% 

False Positive Rate 4.20% 6-8% 3-6% 

Detection Latency 0.8 seconds 1.5-2 seconds 1-1.2 seconds 

Scalability 

(Throughput) 
1.5 Gbps ≤1 Gbps 1-1.2 Gbps 

Scalability (Device 

Capacity) 
1,200 devices ≤100 devices ≤500 devices 

Precision 93.70% 75-80% 85-90% 

Recall 91.40% 60-75% 85-90% 

F1 Score 92.50% 67-72% 87-90% 

Energy Consumption 

0.08 kWh per 

10,000 

detections 

0.5-1 kWh per 10,000 

detections 

0.1-0.2 kWh per 10,000 

detections 

IEEE Standards 

Compliance 
100% N/A 80-90% 
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Threat Detection Capability 

The presented deep learning-based threat intelligence system used for the protection of IoT 

networks offers high performance in the identification of already known threats as well as 

discovering new types of threats. Here’s an analysis of how the system performs. 

Threat Detection  

These are threats that are already familiar to the system and are normally defined by certain 

markings distinct enough to be noticed by security networks. These threats are well detected in the 

proposed deep learning-based system because the system is well designed to ingest large amounts 

of network traffic and correlate the patterns effectively.  

Detection Approach: The system employs the deep CNN and LSTM networks, which enable the 

system to discover the normal behavior of the traffic on the networks. Whenever it comes across 

one of these defined regimes of an attack, it knows exactly which elements of the feature set it has 

in its training data. Performance: When it comes to identifying known threats, the system boasts a 

detection rate of 96.3 percent because the program delivers performance based on prior observed 

patterns of traffic and classifies it as either normal or malicious. It has a false positive rate of 4.2 

percent, which means that no normal traffic will be classified as a threat. 

Zero-Day Threat Detection  

Zero-day exploit threats work with existing yet unknown weaknesses and are undiscoverable by 

normal signature-based identification, as they do not have one. That part of the paper outlining the 

ability of the proposed system to detect zero-day threats is well argued given the emphasis on deep 

learning-based anomaly detection.  

Detection Approach: Unlike conventional systems that depend on an exhaustive database of attack 

signatures, the proposed system uses unsupervised learning and anomaly detection methods to 

detect the unfamiliar in the network traffic. These methods are useful to the system in analyzing 

new behavior that has not been noticed before; this would be deemed as an anomaly since it does 

not fall within the usual normal behavior experienced by the system.  

Performance: The system demonstrates high efficiency in detecting zero-day threats, and, at that, 

the atypical behavior in the traffic flow is characteristic of new attacks. When tested using the 

CICIDS2017 and IoT-23 datasets, the presented system achieved a detection rate of 92.5%, 

including new unseen attack types. This high detection rate is vital for IoT networks because 

they’re frequently affected by zero-day vulnerabilities, while other systems don’t recognize new 

threats. 

Table No.02: Threat Detection Capability of the Deep Learning-Based Threat Intelligence System 

for known and zero-day threats: 

Threat 

Type 
Detection Rate 

False Positive 

Rate 
Key Strengths 

Known 

Threats 
96.30% 4.20% 

High accuracy in identifying known 

attack patterns 

Zero-

Day 

Threats 

92.50% 4.20% 
Effective anomaly detection, capable 

of identifying new, unknown threats 

Compliance Evaluation 

The deep learning-based threat intelligence system for protecting IoT networks has been 

developed, adhering fully to the requirements provided by the IEEE. Adherence to prescribed 

guidelines is mandatory in the shared use of resources or legacy systems and, at the same time, 

maintains compatibility standards that are technologically secure in the larger IoT settings. Below 

is an assessment of how the system adheres to specific IEEE standards: 
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IEEE 802.15.4 (Wireless Personal Area Networks) 

Standard Overview: The IEEE 802.15.4 standard provides a Physical layer and Media Access 

Control layer for Low-Rate Wireless Personal Area Networks . This is well applicable in IoT 

devices mainly due to low energy usage and its high effective signal transmission.  

Compliance Assessment: The proposed system provides secure communication in the IoT 

networks practicing the IEEE 802.15.4 standard for the data transfer. Through deploying the 

security features, namely encryption and integrity check, formed within this standard, the system 

provides safe transfer of data between IoT devices, which is important, especially when handling 

sensitive data to avoid compromise by unauthorized persons.  

Impact: The IoT communication system supports reliable and secure data transfer, the system 

complies with the IEEE 802.15.4 standard for devices that often implement low-power wireless 

communication, such as sensors and actuators. This improves the general security of the IoT 

network by engaging standard cryptographic mechanisms for exchanging data. 

IEEE P2413 (Smart Cities Architecture) 

Standard Overview: IEEE P2413 provides guidelines on how smart city applications should be 

structured and this entails identification of the following systems; IoT, Data analysis, and cloud 

computing systems. Its purpose is to present the guideline for developing smart city systems that 

that will evolve to be large-scale and secure interoperable.  

Compliance Assessment: The formulated system of the current paper shall conform to the 

architectural requirements of IEEE P2413. This includes guaranteeing that the system cope with 

different devices in the IoT network and incorporate itself with other smart city solutions. 

According to this standard, the system is compatible with other IoT devices and applications in 

smart city contexts, which in turn promotes the continuous functioning and information sharing of 

the associated heterogeneous systems.  

Impact: Adherence to IEEE P2413 ensures that the system is highly adaptable to the smart city 

frameworks and would effectively manage the increasing number of connected devices and 

systems in the future without compromising on a system’s efficacies and security. This allows it 

to integrate the system with other smart technologies, making IoT a more interconnected smart 

environment. 

IEEE 2413.1 (Smart City Security Standards) 

Standard Overview: IEEE 2413.1 deals with the security aspect of IoT and smart cities, in that it 

protects the data, privacy, and authenticity of those devices and services being connected.  

Compliance Assessment: The proposed system follows the IEEE 2413.1 security framework so 

that the devices shall incorporate adequate security features like encryption, access control, and 

secure authentication. This helps in preventing different cyber threats such as unauthorized access 

to IoT networks and data breaches.  

Impact: The protocols supported by the IEEE 2413.1 framework; the system contributes to 

effective protection of IoT surroundings from cyber threats that remain critical for building users’ 

confidence in IoT solutions. This compliance is evidently significant, especially in critical 

infrastructure where threats and risks are likely to cause huge inconvenience. 

IEEE 802.11 (Wi-Fi Networks for IoT) 

Standard Overview: The protocols for the wireless local area network are set out in the IEEE 

802.11, now widely known as Wi-Fi, which is now applied in finding an IoT system to connect 

through using Wi-Fi.  

Compliance Assessment: To address the security issue on Wi-Fi, the proposed system implements 

security provided in the IEEE 802.11 standard to facilitate secure IoT communication. This  ranges 

from using the WPA3 security protocol for data security on Wi-Fi security against eavesdropping, 

besides other security features.  
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Impact: When the system follows the IEEE 802.11 standard, the IoT wireless network is safe and 

fast since security compromises are kicked out and data transfer dependability is boosted, which 

is important for IoT’s development. 

Table No.04: Compliance Summary Table 

IEEE 

Standard 
Compliance Details Impact on System 

IEEE 

802.15.4 

Secure data transmission via 

encryption and integrity checks 

for IoT networks. 

Ensures secure, low-power, reliable 

communication in IoT systems. 

IEEE P2413 

Architecture guidelines for IoT in 

smart cities, enabling scalability 

and interoperability. 

Guarantees seamless integration with smart 

city applications. 

IEEE 2413.1 

Security mechanisms for data 

privacy, integrity, and device 

authentication. 

Enhances protection against cyber threats 

and unauthorized access. 

IEEE 802.11 

(Wi-Fi) 

Implements WPA3 encryption 

and security protocols for Wi-Fi 

communication. 

Provides secure wireless communication 

between IoT devices. 

Limitations 

The deep learning-based threat intelligence system with the promise of enhancing the security of 

IoT networks has certain drawbacks as follows: Though the system holds many advantages, some 

challenges have to be met to ensure the best functioning of the system and, most importantly, its 

applicability in the real world. One of them is the computation problem and that the training and 

the implementation of the deep learning models, especially CNN and LSTM networks, need 

computational power to be done in real time. The drawback is that these technologies would enable 

requests with a potentially higher latency and increased hardware usage, even in contexts such as 

IoT devices with limited power supply. The system is dependent on the quality and availability of 

data and where the models are developed; poor data leads to poor models.  

     The system  has challenges in identifying emergent threats that are latent, like the zero-day 

attack or new techniques, making the system require updates regularly or be designed to learn 

continuously. While it has a high detection rate, the system is not immune from generating both 

false positives and false negatives, thus sending out hundreds of alerts to security professionals 

while leaving actual threats unchecked. There are issues related to scalability and integration; these 

are mainly due to the fact that the system is designed for large, complex IoT networks, where it 

may be required to interconnect multiple sorts of devices and technologies. The power 

consumption of the proposed system is critical for battery-driven IoT devices because deep 

learning models are highly computational. One major drawback is that models are hard to interpret, 

and with the deep learning shift, the models themselves remain opaque, so-called ‘black boxes. 

Finally, privacy and cybersecurity issues act as a constraint due to concern of legal compliance 

while processing IoT sensitive information such as GDPR. An eradication of these limitations will 

be vital to boosting the system’s applicability and efficiency when implemented in a real IoT 

security environment. 

Conclusion 

The deep learning-based threat intelligence system for protecting IoT networks is the critical next 

step in defending the IoT environment against emerging threats. Hence, using CNN and LSTM, 

the present system identifies both previously learned and unknown threats and thus provide reliable 

security, which is IEEE compliant. The way they incorporate AI technology with set security 
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frameworks expands its effectiveness in protecting against cyber threats, as well as its capacity to 

prevent and respond to cyber threats in real time.   

    The system elaborated and has some constraints, as discussed below. Several barriers to 

adoption are comparable with computational complexity, data quality, and scalability, as well as 

energy requirements across various IoT settings. In addition, its ability to apply itself to large 

datasets combined with the fact that the operation of this system is opaque has implications for 

issues of explainability and the ability to identify new threats. There is the need for further 

development and fine-tuning of the system: the system must become more adaptive, while the false 

positives and false negatives should be minimized; lastly, the system must be optimized to operate 

in conjunction with low-power devices that possess limited resources. After further development 

and gradual improvement, this system may become one of the primary safeguards of IoT 

structures, pave the way to constructing dependable environments for various industries through 

IoT frameworks, and advance the field of cybersecurity related to future technologies. 

Implications 

The deep learning-based threat intelligence system for securing IoT networks has several 

important implications for the further development of cybersecurity, especially given the 

constantly increasing role of the IoT infrastructure. First and foremost, its efficacy in regard to 

identifying various current and novel sorts of threats help increase the defensive capabilities of 

IoT networks these often fall victim to complex malware attacks. Indeed, by following IEEE 

standards, the system guarantees interoperability and conformity to standards as well as acceptance 

in different IoT domains and settings. A major consequence of this is the reliability of IoT services, 

especially in areas where security is an issue, such as healthcare, manufacturing, and smart cities. 

    While IoT devices increasingly become involved in day-to-day business activities, they must be 

protected from cyber risks to sustain citizens’ confidence and organizations’ functionality. If the 

system easily expands and accommodate other types of IoT networks, then it has the potential for 

becoming the foundation for safe and sustainable systems for the future. In addition, application 

of AI and deep learning in cybersecurity is a transition towards self-sufficient and more intelligent 

security systems. Standard years of securing cyberspace by defining rules and signatures are thus 

disadvantageous when it comes to the more complex IoT networks. While traditional AI patterns 

are used just for the current threat detection, deep learning models are learning and adapting to 

new threats all the time, which is more protective in terms of security. Nevertheless, the effect of 

the system is not completely constructive. The computational complexity and energy consumption 

levels pose a problem of applicability for this system where computational and energy resources 

are more limited. This will, however, scale its use in low-power devices like IoT, which are usually 

strategic in IoT use.  

    There is still a potential problem that is inherent to any AI-based system, namely, in terms of 

interpretability, the system may not be fully transparent in decision-making processes at best or 

may completely lack them at worst; transparency invasive during high-priority situations, where 

the process of threat detection is equally important. Finally, it is found that the dependence of the 

system on a large number of data sets for training raises the question of ethics as well as privacy 

in the use of sensitive IoT data for security purposes. It is important, therefore, that these datasets 

do not trigger the data protection laws such as GDPR, and the rights of the user should not be 

violated in order to expand the use of the system in real-world cases. All in all, this type of system 

suggests a way of moving forward in terms of defense against IoT cyber threats since most existing 

systems are incapable of providing a means through which IoT devices could be efficiently 

secured.  

Future Work 

The deep learning-based threat intelligence systems for IoT networks security should be directed 

in several directions to improve their performance and make the system scalable. First, the 
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development of the models has to be tailored for the restricted environment of edge devices and 

allowance for energy-efficient sensors in IoT networks. Applying continuous learning approach 

strategies, like working on an online learning or a reinforcement learning approach, will make it 

possible for the system to learn from the emergent or new and dynamic cyber threats on the scene. 

The connectivity of the system with other technologies such as edge computing and 5G will 

enhance latency and response time greatly.  

The limitation related to model interpretability; the further studies should consider the application 

of XAI methods to increase confidence in AI-based decisions among the security stakeholders. 

The aspects of privacy and ethical concerns discussed based on the study of privacy-preserving 

approaches such as federated learning, which could help overcome GDPR requirements and ensure 

high system performance. Since the system is being built upon the real-world scenarios, IoT 

environments in other fields be used to improve and adapt the system further in various sectors. 

Lastly, increased interaction with standardization organizations will guarantee that the system still 

meets current protocols, enhancing their flexibility and application throughout industries. These 

advancements will assist in achieving the envisioned full potential of deep learning-based threat 

intelligence in protecting IoT networks against future cyber threats.  
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