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I. Introduction 
The proliferation of IoT devices in modern applications—from smart homes and healthcare to industrial 

automation and transportation—has resulted in an exponential increase in demand for wireless communication 

spectrum. Conventional static spectrum allocation is proving to be inefficient, with many licensed frequency bands 

remaining underutilized while unlicensed bands become increasingly congested. 

Cognitive Radio (CR) technology addresses this challenge by enabling dynamic spectrum access, allowing 

secondary users to opportunistically utilize unused licensed spectrum without interfering with primary users 

[1][2]. When integrated with IoT, this forms the Cognitive Radio Internet of Things (CR-IoT), a paradigm that 

combines the intelligence of CR with the ubiquity and scale of IoT. 

 

 
Fig 1. Dynamic Spectrum Access 

 

CR-IoT systems promise efficient spectrum usage, adaptability to dynamic environments, and enhanced 

communication reliability. However, realizing these benefits requires addressing challenges related to spectrum 

sensing accuracy, intelligent decision-making, security, and system scalability. This paper presents an overview 
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of CR-IoT technologies, focusing on the role of machine learning, adaptive architecture, and real-world 

applications, while also identifying current limitations and research opportunities. 

 

II. Spectrum Sensing and Dynamic Spectrum Access 
Spectrum sensing is the foundational functionality of Cognitive Radio (CR) systems, enabling them to 

detect underutilized spectrum bands (also known as spectrum holes or white spaces) and allow opportunistic 

access by secondary users [3]. In the context of the Internet of Things (IoT), spectrum sensing becomes even more 

critical due to the massive number of heterogeneous devices requiring low-latency and reliable communication 

[4-10]. 

Traditional spectrum sensing techniques—such as energy detection, matched filtering, and cyclostationary 

feature detection—offer varying degrees of performance based on prior knowledge, noise uncertainty, and 

computational complexity. Among these, energy detection is the most widely used because of its low 

implementation complexity, but it is also the most susceptible to noise uncertainty and false alarms. 

However, these conventional methods are not sufficient to meet the dynamic and dense nature of CR-IoT 

environments. Therefore, advanced sensing methods, particularly those incorporating machine learning (ML) and 

cooperative sensing, have been proposed to improve performance [5][6]. 

 

A. Cooperative Spectrum Sensing 

In CR-IoT, devices can collaborate to share local sensing information, forming a cooperative sensing framework. 

This enhances sensing accuracy, especially in environments with fading or shadowing. There are two main types: 

Centralized Cooperative Sensing: A central fusion centre collects and processes data from multiple nodes. 

Distributed Cooperative Sensing: Devices share information among peers to make local decisions. 

Cooperative sensing mitigates the problem of missed detection but introduces communication overhead and 

latency. Balancing sensing performance with energy efficiency remains a critical design consideration. 

 

 
 

Fig.2 (a) Traditional and (b) ML-based approaches to spectrum sensing [11] 

 

B. Machine Learning-Based Sensing 

Recent developments integrate supervised and unsupervised learning algorithms to improve sensing decisions. 

For example: 

Support Vector Machines (SVM) and Decision Trees are used for classifying channel states. 

Deep Learning models such as Convolutional Neural Networks (CNNs) can extract complex features from 

spectrum data, enabling robust sensing even in noisy conditions. 

ML-based sensing allows CR-IoT systems to learn from historical spectrum usage patterns and make adaptive 

decisions in real time. However, these approaches require large datasets, high computational power, and often 

lack interpretability—posing challenges for deployment on resource-constrained IoT devices. 

 

III. Machine Learning Approaches in CR-IoT 
In the dynamic world of Cognitive Radio Internet of Things (CR-IoT), static rules and rigid protocols cannot keep 

up with the fluctuating nature of wireless communication. Devices must be capable of making intelligent decisions 

in real time, and machine learning (ML) equips them with exactly that ability. By learning from data and adapting 
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over time, ML empowers CR-IoT systems to detect patterns, foresee changes, and take effective actions—all with 

minimal human involvement. It is shown in Fig.2 

 

A. Learning with Labelled Information 

When training data includes known outcomes, supervised learning is applied. This method allows devices to learn 

how to classify situations—like whether a channel is currently available or occupied. 

Support Vector Machines (SVMs) are ideal for separating data into two categories, making them suitable for basic 

availability checks. 

Decision Trees create branching paths of logic, helping devices make quick, rule-based decisions. 

K-Nearest Neighbours (KNN) assigns outcomes based on similar past observations. 

However, these techniques depend on comprehensive labelled datasets, which are difficult to collect in fast-

changing wireless environments. 

 

B. Learning Without Labels or Through Experience 

In many real-world scenarios, pre-labelled data is unavailable. In such cases, unsupervised learning offers a way 

to make sense of data by grouping or categorizing it based on patterns. For example, IoT devices might analyse 

frequency usage and identify trends without needing prior labels. For more interactive learning, reinforcement 

learning (RL) allows devices to experiment and improve their decisions based on the feedback they receive. Over 

time, they learn which actions—such as choosing certain frequency bands—yield better performance. 

 Q-learning enables agents to explore various actions and learn optimal strategies through repetition and feedback. 

Deep reinforcement learning introduces neural networks into the learning process, allowing systems to handle 

more complex and unpredictable situations. This approach helps devices adapt on the fly, without needing detailed 

knowledge of the wireless environment beforehand.  

 

C. Dealing with Complexity Using Deep Learning 

In scenarios where relationships between data points are highly complex, deep learning proves especially 

powerful. These models can automatically extract important features from large volumes of data. Convolutional 

Neural Networks (CNNs) are useful for analysing spectrum images or patterns that resemble visual data. Recurrent 

Neural Networks (RNNs) are better suited for capturing time-based changes, such as signal strength variations 

across time. Despite their accuracy and adaptability, deep learning models demand more processing power and 

memory, which poses challenges for deployment on resource-limited IoT hardware. 

 

IV. Adaptive Architecture and Routing in CR-IoT 

Adaptive Architecture and Routing in CR-IoT To support intelligent communication across Cognitive Radio IoT 

(CR-IoT) systems, the underlying architecture must be both flexible and responsive. Since the radio environment 

and device behavior can change unpredictably, CR-IoT systems require a dynamic structure that can adjust to 

real-time network conditions. Traditional static networking approaches fall short in such fluid scenarios. 

A. Reconfigurable System Architecture 

A CR-IoT framework must be built with adaptability at its core. Each component, from spectrum sensing to 

decision-making and communication, should be able to adjust its functions depending on the surrounding radio 

environment. This adaptability can be achieved through: Modular design, where various components like sensing 

units, learning models, and routing protocols can be updated or reconfigured without overhauling the entire 

system. Context-aware modules, which allow devices to analyze environmental conditions—such as spectrum 

congestion or user mobility—and tune their behavior accordingly. Such flexible architectures are often enhanced 

using software-defined radio (SDR) technology, which enables real-time reprogramming of communication 

parameters based on feedback from the network.  

B. Smart Routing Strategies  

Routing in CR-IoT is more challenging than in traditional networks due to the dynamic availability of spectrum 

and the presence of licensed (primary) and unlicensed (secondary) users. An effective routing strategy must not 

only ensure connectivity but also avoid interference with primary users. Key characteristics of adaptive routing 

include: Spectrum-aware path selection, where routes are chosen based on channel availability and link quality 

rather than fixed topology. Learning-based routing, where historical data and real-time inputs help predict the best 

communication paths. Energy-efficient routing, which is crucial for battery-powered IoT devices operating under 

spectrum constraints. Some advanced strategies also employ machine learning to dynamically update routing 

tables based on observed traffic patterns and spectrum availability.  

C. Scalability and Interoperability  

As CR-IoT systems grow, they must support thousands or even millions of devices across different platforms and 

vendors. Therefore, the architecture and routing protocols must be scalable and able to operate across diverse 

hardware and software configurations. Standardized communication interfaces are essential for ensuring 
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interoperability between different manufacturers’ devices. Cloud and edge computing can be integrated into the 

CR-IoT ecosystem to offload intensive tasks like signal analysis and decision-making from resource-constrained 

nodes. Together, these adaptive architectural elements and intelligent routing mechanisms enable CR-IoT systems 

to operate efficiently in highly dynamic and heterogeneous environments. 

 

V Real-World Applications of CR-IoT 

Merging Cognitive Radio (CR) with the Internet of Things (IoT) promises significant improvements in spectrum 

utilization and network performance. However, this integration also brings a set of complex technical issues. 

Below, we outline the principal difficulties confronting CR‑IoT deployments and pinpoint areas where further 

research could yield substantial benefits. 

 

 
Fig.3. Five-layer IoT architecture.[12] 

 

A. Spectrum Detection and Utilization Hurdles  

Accurately identifying vacant frequency bands is a core requirement for CR‑IoT, yet it remains a formidable task. 

Spectrum occupancy can vary rapidly, and the sheer number of devices vying for access exacerbates the challenge. 

Failing to spot an available channel or misclassifying an occupied one leads either to under‑utilization or to 

unintended interference with licensed users.  

Future work might explore: Machine‑learning‑enhanced sensing, where devices learn from past observations to 

distinguish idle bands more reliably. Cooperative sensing architectures, in which multiple nodes pool their 

measurements to form a clearer, system‑wide picture of spectrum availability.  

 

B. Safeguarding Security and Privacy 

CR‑IoT networks, by design, use shared and dynamically allocated channels, making them susceptible to attacks 

such as jamming, spoofing, and eavesdropping. Additionally, IoT sensors often handle sensitive personal or 

operational data, raising privacy concerns. To fortify these systems, researchers should consider: 

Strong cryptographic schemes and multi‑factor authentication to protect data in transit and verify device identities. 

Privacy‑preserving algorithms that enable necessary data sharing (e.g., for sensing coordination) without 

exposing user‑specific information. 

 

C. Managing Energy Budgets and Hardware Limits 

Many IoT endpoints run on batteries and possess modest processing power. Sophisticated spectrum‑sensing 

routines and on‑device learning algorithms can quickly deplete these limited resources. Potential solutions 

include: 

Ultra‑low‑power sensing techniques, which leverage event‑driven or duty‑cycled approaches to minimize 

energy draw. 

Edge‑assisted computing, offloading heavy analytics and model training to nearby servers or gateways, reducing 

the load on individual devices. 
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D. Ensuring Scalability and Device Diversity  

As CR‑IoT ecosystems expand to millions of nodes, maintaining efficient operation across diverse hardware 

platforms and communication standards becomes critical. Future research should focus on: 

Modular, scalable frameworks that allow seamless onboarding of new devices without degrading performance. 

Protocol and interface standardization to guarantee interoperability among equipment from different vendors and 

across various network technologies. 

 

E. Emerging Trends and Research Opportunities Looking ahead, several developments stand out as 

promising avenues to advance CR‑IoT:5G and Beyond: 

 Leveraging 5G’s ultra‑low latency and network slicing to enhance cognitive spectrum access for IoT 

applications. 

AI‑Driven Autonomy: Embedding advanced machine‑learning models for fully automated spectrum 

management and self‑optimizing networks. 

Cross‑Layer Optimization: Designing holistic protocols that jointly consider sensing, routing, and application 

requirements to maximize overall system efficiency. 
Feature / Aspect Traditional IoT Cognitive Radio-based IoT (CR-IoT) 

Spectrum Access Fixed and pre-allocated Dynamic and opportunistic 

Spectrum Efficiency Low (due to underutilized bands) High (uses unused spectrum via sensing) 

Interference Management Poor in congested environments Better interference avoidance through 

sensing 

Scalability Limited due to static spectrum allocation High scalability with adaptive spectrum 

access 

Communication Reliability Can degrade under congestion More reliable with real-time spectrum 

adaptation 

Energy Efficiency Moderate Improved (by avoiding collisions and 

idle listening) 

Latency Higher under heavy load Reduced with efficient spectrum use 

Use of AI/ML Rare Frequently integrated for intelligent 
decisions 

Cost Lower initially Potentially higher (due to added sensing 

hardware) 

Table 1. Comparison Between Traditional IoT and Cognitive Radio-based IoT (CR-IoT) 

 

By addressing these challenges and embracing these emerging trends, CR‑IoT will mature into a robust, 

secure, and highly adaptable foundation for next‑generation wireless ecosystems. In smart cities, CR-IoT devices 

can manage bandwidth-intensive applications such as real-time traffic monitoring, waste management, and public 

safety. These systems rely on cognitive capabilities to maintain uninterrupted data flow, even in densely populated 

urban areas where spectrum contention is high. Environmental monitoring networks benefit from CR by enabling 

long-range, energy-efficient communication among distributed sensor nodes, particularly in remote areas with 

limited infrastructure. In the healthcare domain, CR-IoT facilitates real-time patient monitoring using wearable 

and implantable devices that adapt their transmission strategies to avoid interference with critical medical 

equipment. This ensures not only data reliability but also patient safety. Additionally, the use of CR enhances 

privacy and security in healthcare applications through dynamic channel switching, making eavesdropping and 

jamming more difficult.  

 

VI. Challenges and Future Research Directions  

Despite its promising potential, CR-IoT faces several technical and regulatory challenges. 

Interoperability between CR-IoT and legacy communication protocols remains a key issue, as does the 

standardization of control interfaces across heterogeneous devices. The dynamic nature of spectrum access also 

introduces complexities in routing, especially in mobile and large-scale deployments where topology and channel 

availability frequently change. Security is another major concern. The reconfigurable nature of CRs can be 

exploited by malicious users for attacks like Primary User Emulation (PUE) and jamming. Developing 

lightweight, robust security protocols for CR-IoT is critical to ensure data integrity and user trust. Additionally, 

real-time decision-making requires computational resources that may not be readily available in constrained IoT 

nodes. Therefore, edge computing and federated learning are emerging as viable solutions to offload processing 

while maintaining data privacy.  

Future research may focus on integrating blockchain to manage decentralized spectrum transactions, 

applying reinforcement learning for autonomous channel selection, and exploring spectrum sharing policies that 

balance commercial interests with public utility. Furthermore, regulatory bodies need to update their policies to 

accommodate dynamic access models while ensuring compliance and fairness 

 



Cognitive Radio for IoT: Enabling Intelligent Spectrum Access in a Hyper-Connected World 

www.ijceronline.com                                                Open Access Journal                                                   Page 33 

VII. Conclusion 

Cognitive Radio technology, when integrated with the Internet of Things, offers a transformative 

approach to managing the wireless spectrum crisis. CR-IoT systems are inherently intelligent, adaptive, and 

efficient, making them ideal for the next generation of smart environments. Through dynamic spectrum access, 

machine learning-driven sensing, and scalable architectures, CR-IoT addresses the limitations of traditional 

wireless systems. As the number of connected devices continues to surge, the success of future IoT applications 

will increasingly depend on the maturity and deployment of cognitive radio capabilities. By addressing current 

challenges and exploring new research avenues, CR-IoT stands to become a cornerstone of global digital 

infrastructure 
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