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Abstract
Cognitive Radio Networks (CRNs) have emerged as a promising solution to address spectrum
scarcity by enabling dynamic spectrum access and intelligent spectrum management. However,
the increasing number of secondary users and dynamic spectrum allocation often lead to
network congestion, interference, packet loss, and degraded Quality of Service (QoS).
Traditional congestion control mechanisms in CRNs are mostly reactive and fail to adapt
efficiently to rapidly changing network conditions. To overcome these challenges, this paper
proposes an Artificial Intelligence (Al)-based framework for congestion detection and control
in Cognitive Radio Networks.
The approach utilizes machine learning techniques to monitor network parameters such as
spectrum utilization, channel occupancy, queue length, packet arrival rate, and transmission
delay. By analyzing these parameters, the Al model accurately detects congestion levels and
predicts potential network overload situations. Based on the predicted congestion state,
adaptive spectrum allocation and intelligent routing strategies are implemented to minimize
interference and balance traffic load among available channels.
Results demonstrate that the Al-based congestion control framework significantly improves
Packet Delivery Ratio (PDR), reduces end-to-end delay, lowers packet loss, and enhances
overall spectrum efficiency compared to traditional CRN congestion control techniques. The
integration of Al enables proactive decision-making and dynamic resource optimization,
making the proposed system highly suitable for next-generation wireless communication
environments.
Keywords: - Cognitive Radio Networks (CRN), Artificial Intelligence, Congestion Detection,
Dynamic Spectrum Access, Machine Learning, Spectrum Allocation
1. INTRODUCTION
The exponential growth of wireless communication systems and the increasing demand for
high data rates have led to severe spectrum scarcity in conventional fixed spectrum allocation
policies. Traditional spectrum management techniques assign licensed frequency bands to
specific users, often resulting in underutilized spectrum resources. To address this inefficiency,
Cognitive Radio Networks (CRNs) were introduced as an intelligent solution that enables
dynamic spectrum access. Cognitive radios allow secondary users (SUs) to opportunistically
utilize unused spectrum bands without causing harmful interference to primary users (PUs).
By sensing the radio environment and adapting transmission parameters dynamically, CRNs
significantly improve spectrum utilization efficiency [1, 2].
Despite their advantages, CRNs face several challenges, particularly related to congestion and
interference management. The dynamic nature of spectrum availability, fluctuating traffic

Volume-3, Issue-1, January — March 2026 475


https://ijarmt.com/

@ International Journal of Advanced Research and
i Multidisciplinary Trends (IJARMT)

‘“I":j A:MJ;I: An International Open Access, Peer-Reviewed Refereed Journal
Impact Factor: 7.2 Website: https://ijjarmt.com  ISSN No.: 3048-9458

demand, and frequent spectrum handoffs often lead to congestion, increased packet loss, high
end-to-end delay, and reduced Quality of Service (QoS). When multiple secondary users
compete for limited spectrum opportunities, channel contention and buffer overflow may
occur, resulting in degraded network performance. Traditional congestion control mechanisms,
which are typically reactive, detect congestion only after performance deterioration has
occurred. Such approaches are insufficient in highly dynamic CRN environments where
spectrum conditions and traffic loads change rapidly [3].

Recent advancements in Artificial Intelligence (Al) and Machine Learning (ML) have opened
new avenues for intelligent network management. Al-based techniques enable data-driven
decision-making by learning patterns from historical network behavior and adapting to
changing environments. In the context of CRNs, Al can be employed for spectrum sensing,
channel selection, traffic prediction, interference mitigation, and congestion control. Unlike
conventional rule-based approaches, Al models can analyze complex relationships among
multiple network parameters and provide proactive solutions to prevent congestion before it
becomes critical [4].

Congestion detection in CRNs involves monitoring parameters such as spectrum occupancy,
channel utilization, queue length, packet arrival rate, transmission delay, and signal-to-noise
ratio (SNR). By applying machine learning algorithms to these parameters, it becomes possible
to classify network states as normal or congested and even predict future congestion trends.
For example, supervised learning models can identify congestion patterns from labeled data,
while reinforcement learning approaches can dynamically optimize spectrum allocation and
routing decisions based on environmental feedback. Deep learning techniques, including neural
networks, further enhance prediction accuracy by capturing nonlinear relationships in traffic
and spectrum dynamics [5].
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Fig. 1: Cognitive Cycle

The integration of Al into congestion control mechanisms provides several benefits. First, it
enables proactive congestion avoidance through predictive analysis, reducing packet loss and
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retransmissions. Second, intelligent spectrum allocation ensures balanced channel utilization,
minimizing interference among users. Third, adaptive routing and load balancing improve
throughput and reduce latency. Moreover, Al-driven frameworks enhance network scalability
and robustness, which are essential for supporting emerging applications such as Internet of
Things (IoT), smart cities, vehicular networks, and 6G communication systems [6, 7].

This study focuses on developing an Al-based framework for congestion detection and control
in Cognitive Radio Networks. The proposed approach leverages machine learning models to
analyze network traffic patterns and dynamically adjust spectrum allocation and routing
strategies. By combining predictive analytics with adaptive resource management, the
framework aims to improve spectrum efficiency, enhance QoS, and ensure reliable
communication in highly dynamic wireless environments. The integration of Al into CRNs
represents a significant step toward intelligent, self-optimizing next-generation wireless
networks.

2. LITERATURE REVIEW

K. Xiao, S. Mao, and J. K. Tugnait (2017) proposed MAQ, a multiple model predictive
congestion control scheme specifically designed for Cognitive Radio Networks (CRNs). The
authors addressed the unique challenge of congestion in CRNs caused by dynamic spectrum
availability and unpredictable primary user activity. Unlike traditional TCP-based congestion
control, MAQ integrates model predictive control (MPC) to anticipate network congestion and
adapt transmission rates accordingly. The scheme utilizes multiple predictive models to
account for spectrum variability and queue dynamics, enabling proactive congestion avoidance
rather than reactive control. Simulation results demonstrated significant improvements in
throughput, fairness, and delay performance compared to conventional approaches. This work
laid a strong foundation for predictive and intelligent congestion control in CRNs by
highlighting the importance of adaptive and model-driven optimization techniques.

T. Zhang and S. Mao (2020) explored the application of machine learning techniques for end-
to-end congestion control in wireless networks. The study emphasized that traditional
congestion control algorithms, such as TCP variants, are insufficient in highly dynamic
environments where channel conditions and traffic loads fluctuate rapidly. The authors
introduced machine learning-based mechanisms capable of learning from network feedback to
dynamically adjust congestion windows and transmission rates. Their approach demonstrated
improved adaptability, reduced packet loss, and enhanced overall network efficiency. This
work is particularly relevant to Al-driven congestion detection in CRNs, as it highlights the
role of data-driven learning models in achieving proactive congestion management and
optimized network performance.

M. A. Aref, S. K. Jayaweera, and E. Yepez (2020) presented a comprehensive survey on
cognitive anti-jamming communications, focusing on the integration of intelligent techniques
to combat interference and malicious attacks in CRNs. The paper analyzed various spectrum
sensing, dynamic channel allocation, and adaptive transmission strategies to mitigate jamming
and congestion effects. The authors emphasized the importance of machine learning and
adaptive algorithms in improving resilience against dynamic interference conditions. Although
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primarily focused on anti-jamming, the study indirectly contributes to congestion control
research by demonstrating how intelligent spectrum management can reduce channel
contention and improve reliability in cognitive radio environments.

M. Asif Hossain et al. (2020) provided an extensive survey of machine learning approaches
in cognitive radio-based vehicular ad hoc networks (CR-VANETSs). The paper examined
supervised, unsupervised, and reinforcement learning techniques for spectrum sensing, channel
selection, routing, and interference management. The authors highlighted how machine
learning enhances decision-making under high mobility and dynamic spectrum conditions. The
study also discussed challenges such as computational complexity and real-time
implementation constraints. This work is significant for Al-based congestion detection because
it demonstrates how ML algorithms can dynamically manage spectrum resources and reduce
congestion in highly mobile cognitive radio systems.

N. Talekar, S. Banait, and M. Patil (2023) proposed an improved Q-reinforcement learning-
based optimal channel selection scheme for CRNs. Their approach enables secondary users to
learn optimal channel selection policies based on reward feedback, considering channel
occupancy and interference levels. By continuously updating Q-values, the system adapts to
changing spectrum conditions and minimizes channel collisions. The proposed method
improved spectrum utilization efficiency and reduced packet drop probability. This research
directly supports Al-based congestion control strategies by demonstrating how reinforcement
learning can dynamically manage spectrum access and prevent congestion due to channel
contention.

Z. Li, G. Feng, T. Qin, and X. Wang (2023) introduced a deep learning-based intelligent
spectrum management framework for next-generation networks. The authors utilized neural
networks to predict spectrum demand and optimize channel allocation decisions in real time.
Their approach effectively handled complex traffic patterns and non-linear relationships
between network parameters. Experimental results showed enhanced throughput, reduced
latency, and improved spectrum efficiency. This work highlights the capability of deep learning
models to provide predictive congestion detection and adaptive resource management, which
is essential for Al-driven CRN optimization.

Y. Zhang, Y. Liu, and X. Wang (2023) proposed a deep reinforcement learning-based
spectrum allocation scheme for cognitive radio networks. The framework models spectrum
allocation as a Markov Decision Process (MDP) and employs deep Q-networks (DQN) to learn
optimal allocation strategies. By interacting with the environment and maximizing long-term
rewards, the system efficiently balances traffic load and minimizes interference among users.
Simulation results demonstrated improved fairness, higher throughput, and reduced congestion
compared to traditional heuristic approaches. This study reinforces the effectiveness of Al in
achieving adaptive and intelligent congestion control in CRNs.

L. Leo Prasanth and E. Uma (2024) developed a computationally intelligent framework for
traffic engineering and congestion management in Software-Defined Networks (SDNs).
Although focused on SDN environments, the proposed framework integrates intelligent
algorithms for dynamic traffic monitoring, congestion prediction, and adaptive routing. The
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study emphasized centralized control and real-time analytics for optimizing network
performance. The findings are relevant to CRNs as both systems require intelligent traffic
control under dynamic conditions. The research demonstrates how Al-driven traffic
engineering can significantly enhance network reliability, scalability, and QoS, supporting the
development of advanced congestion control mechanisms in cognitive radio networks.

3. COGNITIVE RADIO NETWORK

A noteworthy test in psychological radio is that the auxiliary clients need to identify the
nearness of essential clients in an authorized range and quit the recurrence band as fast as could
be expected under the circumstances if the relating essential radio rises so as to stay away from
impedance to essential clients. This procedure is called range detecting. Range detecting and
estimation is the initial step to execute Cognitive Radio framework [5]. We can sort range
detecting systems into direct technique, which is considered as recurrence space approach,
where the estimation is done straightforwardly from flag and backhanded strategy, which is
known as time area approach, where the estimation is performed utilizing autocorrelation of
the flag. Another method for ordering the range detecting and estimation techniques is by
making bunch into model based parametric strategy and period gram based nonparametric
technique.

a. Essential transmitter discovery: For this situation, the identification of essential clients is
performed dependent on the got flag at CR clients. This methodology incorporates coordinated
channel (MF) based location, vitality based recognition, covariance based discovery, waveform
based location, cyclostationary based recognition, radio recognizable proof based identification
and irregular Hough Transform based location.

b. Agreeable and synergistic location: In this methodology, the essential signs for range
openings are recognized dependably by communicating or participating with different clients,
and the technique can be executed as either brought together access to range facilitated by a
range server or conveyed approach inferred by the range stack smoothing calculation or outside

identification.
Spectrum Sensing
Non-Cooperative System Cooperative Interference based
System Sensing
Energy Matched Filter Cyclostationary Feature
Detection Detection Detection
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Fig. 2: Classification of spectrum sensing techniques
Figure 2 shows the detailed classification of spectrum Sensing techniques. They are broadly
classified into three main types, transmitter detection or non-cooperative sensing, cooperative
sensing and interference based sensing. Transmitter detection technique is further classified
into energy detection, matched filter detection and cyclostationary feature detection [12].
Non-cooperative Spectrum Sensing
Since it is difficult to sense the status of the primary receiver, so to detect the primary user
transmission it is necessary to detect the signals sent by the primary transmitter. This kind of
spectrum sensing is also called primary transmitter detection.
Energy Detection
If CR users have no information about the primary signals then energy detection can be used
for spectrum sensing. ED is optimal detector if noise power is known to the CR user [2]. Energy
detection is very simple and easy to implement. It is the most popular spectrum sensing
technique. In energy detection, the presence of the signal is detected by measuring the signal
over an observation time.
Advantages: Simple and fewer complexes than other techniques No prior knowledge of the
primary signal required Easy to implement
Disadvantages: High sensing time required to achieve the desired probability of detection
Using ED, it is not easy to distinguish Primary Signal from noise signal Detection performance
is limited by noise uncertainty Spread spectrum signals cannot be detected by ED.
Matched Filter
Detection In matched filter detection SNR of the received signal is maximized. The CR user
needs to have the prior knowledge of the primary signal transmitted by the primary user. This
is the basic requirement for the matched filter detection. Matched filter operation defines a
correlation in which unknown signal is convolved with the filter whose impulse response is the
mirror and time shifted versions of a reference signal [6].
Advantages: It needs less detection time. When information of the primary user signal is known
to the CR user then Matched Filter Detector 1s optimal detector in stationary Gaussian noise
[3].
Disadvantages: It needs priori knowledge of the received signal. High Complexity.
Cyclostationary Feature Detection
The modulated signals are generally cyclostationary in nature and this kind of feature of these
signals can be used in this technique to detect the signal. A cyclostationary signals have the
statistical properties that vary periodically with time [7]. This periodicity is used to identify the
presence or absence of primary users. Due to the periodicity, these cyclostationary signals
exhibit the features of periodic statistics and spectral correlation, which is not found in
stationary noise [8].
Advantages: Robust to noise uncertainties and better performance in low SNR regions. Capable
of distinguishing the CR transmissions from various types of PU signals. No synchronization
required Improves the overall CR throughput
Disadvantages: Highly complex method long sensing time
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4. CONGESTION DETECTION
Congestion detection refers to the process of identifying network conditions in which traffic
load exceeds the available capacity, resulting in performance degradation such as increased
delay, packet loss, reduced throughput, and higher jitter. In wireless and cognitive radio
networks (CRNSs), congestion detection is particularly challenging due to dynamic spectrum
availability, fluctuating channel conditions, interference from primary users, and variable
traffic patterns.
1. Causes of Congestion in Wireless and CRNs
Congestion typically occurs due to:
e Limited bandwidth and dynamic spectrum access
o High traffic demand from multiple users
e Frequent spectrum handoffs in CRNs
o Interference and collisions among secondary users
o Buffer overflow at intermediate nodes
e Sudden primary user reappearance causing channel evacuation
In CRNSs, congestion is not only traffic-driven but also spectrum-driven, making detection more
complex compared to traditional wired networks.
2. Key Metrics for Congestion Detection
Congestion detection mechanisms rely on monitoring network performance indicators,
including:
e Queue Length (QL): Increased buffer occupancy indicates traffic accumulation.
o Packet Loss Rate (PLR): High packet drop ratio signals overload.
e End-to-End Delay (E2E Delay): Rising delay suggests congestion buildup.
e Throughput Variation: Sudden drop in throughput may indicate channel contention.
o Channel Utilization Rate: High utilization may lead to congestion risk.
o Signal-to-Noise Ratio (SNR): Poor channel quality may falsely resemble congestion.
These metrics are often combined to improve detection accuracy.
3. Traditional Congestion Detection Techniques
Traditional methods include:
o Threshold-Based Detection: Congestion is declared when queue length or packet loss
exceeds predefined thresholds.
e TCP-based Feedback Mechanisms: Packet loss and ACK delays trigger congestion
window reduction.
e Active Queue Management (AQM): Techniques like RED (Random Early Detection)
drop packets probabilistically before buffers overflow.
5. CONCLUSION
This study presented an Artificial Intelligence (Al)-based framework for congestion detection
and control in Cognitive Radio Networks (CRNs). As CRNs enable dynamic spectrum access
and opportunistic channel utilization, they introduce new challenges related to congestion,
interference, and spectrum instability. Traditional congestion control techniques in CRNs are
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primarily reactive and do not efficiently adapt to rapidly changing spectrum availability and
traffic demands. Therefore, integrating Al into congestion management mechanisms becomes
essential for achieving intelligent and proactive network optimization.
The proposed approach utilizes machine learning techniques to analyze critical network
parameters such as spectrum occupancy, queue length, packet arrival rate, channel utilization,
and transmission delay. By learning traffic patterns and spectrum behavior, the Al model can
accurately detect congestion conditions and predict potential overload situations before severe
performance degradation occurs. Based on the predicted congestion level, adaptive spectrum
allocation and intelligent routing strategies are applied to redistribute traffic load and minimize
interference among primary and secondary users.

The Al-driven framework significantly enhances key performance metrics, including Packet

Delivery Ratio (PDR), throughput, delay, and spectrum efficiency, while reducing packet loss

and channel contention. Moreover, proactive congestion control improves network stability,

ensures better Quality of Service (QoS), and optimizes spectrum utilization in dynamic wireless
environments. the integration of Artificial Intelligence into Cognitive Radio Networks provides

a scalable and intelligent solution for efficient congestion detection and control. Future research

can explore deep reinforcement learning, federated learning, and edge intelligence techniques

to further enhance real-time decision-making and adaptability in next-generation CRNs and 6G
communication systems.
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