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Abstract 

In wireless communication system there are several routing problems. To overcome this problem we use the future generation 

wireless communication system known as Cognitive Radio Network (CRN). It allows the less priority user to use the unused or 

underutilized spectrum of priority user. However, dynamic conditions of CRN (Priority user activity and channel availability) more 

routing more challenging. This challenge is overcome with the help of clustering mechanism. Cluster-Based Routing in CRN 

enhances network scalability and stability. Additionally, an artificial intelligence approach Reinforcement Learning (RL) is used 

to maximize the network performance. We present a model SMART, a cluster-based routing scheme and evaluate the performance 

using stimulation in order to show the effectiveness of Cluster-Based routing in CRNs using RL.  
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________________________________________________________________________________________________________ 

I. INTRODUCTION 

Cognitive Radio Network is an adoptive, intelligent radio and network technology that can automatically detect available channels 

in a wireless spectrum and change transmission parameters to solve the problem of spectrum scarcity caused by static channel 

assignment policy in the past. Thus it solves the problem by allowing the least priority user (LPU) to use the unused channels of 

priority users (PU). If the PU returns to the channel where LPU is operating, then the LPU must switch to another available channel 

or wait the PU’s transmission to cease. 

In this article, we solve the routing problem in CRNs with the help of a clustering mechanism and reinforcement learning (RL), 

an artificial intelligence approach. Cluster-based routing for CRNs enhances network scalability by reducing the flooding of routing 

overheads as well as network stability by reducing the effects of the dynamicity of channel availability. RL is a tool that further 

enhances network performance through observing and learning the environment. We have proposed a cluster-based routing scheme 

using RL, which is known as SMART and is designed for CRNs, in order to fulfill the requirement on the minimum number of 

common channels in a cluster through cluster maintenance (i.e., cluster merging and splitting), which enhances network stability 

as well as network performance. 

 Clustering in CRNs: 

Clustering, a topology management mechanism provides network stability and scalability by organizing nodes into logical groups 

called clusters. This provides a cluster model that is important for CR operation (routing and channel sensing). A cluster consists 

of four types of node: cluster head, member node, relay node and gateway node. The cluster head is the central processor for 

cooperative tasks within the cluster. The member nodes are associated with the cluster head. Cluster head and member nodes 

communicate through common channel known as operating channel. This is called intra-cluster communication. Operating channel 

is available to all nodes in the cluster. Relay node provides connection to another member node located outside the transmission 

range of cluster head. Gateway node provides contact with the node of neighboring cluster thus providing inter-cluster 

communication. 
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The number of nodes in a cluster represents the cluster size. Larger cluster size minimizes routing overhead and reduces error 

probability in the final decision of channel availability. Smaller cluster size maximizes the number of common channels because 

physically close node are more likely to have a similar list of available channels. Clusters use different operating channels thus the 

contention and interference levels in network can be reduced improving routing and network performance. Higher number of 

common channels in a cluster minimizes the occurrence of re-clustering. 

 Cluster Based Routing in CRNs: 

Cluster-based routing is preferred in CRNs for the following reasons. First, it provides network stability by reducing the effects of 

dynamic channel availability. Second, it provides network scalability as routing control messages, such as route request (RREQ) 

and route reply (RREP), are only exchanged among some nodes, specifically cluster heads and gateway nodes. Third, it reduces 

the need for a common control channel to exchange control information in routing since an operating channel is used that is 

available to all nodes in a cluster. Fourth, it supports cooperative tasks and improves channel sensing outcomes. 

 Reinforcement Learning: A Tool to Enhance Network Performance: 

Reinforcement learning is an artificial intelligence approach that enables an agent or decision maker to observe its state and reward, 

learn, and then perform an action in order to improve the state and reward in the next time instant.  

 State: represents the decision making factors observed in the operating environment by an agent. It can affect the reward (or 

network performance). 

 Action: represents the action of an agent, which helps an agent learn about the optimal actions. It can affect the state (or 

operating environment) and reward (or network performance). 

 Reward: represents the positive or negative consequence for the operating environment caused by the agent’s action in the 

previous time instant in the form of network performance. 

The action affects (improves or deteriorates) the state and reward, which affects the next choice of action by an agent. With the 

passage of time, an agent estimates the reward for each state-action pair, which constitutes knowledge, and subsequently carries 

out a proper action at the next time instant given a particular state to maximize accumulated rewards. 

Q-routing has been applied in routing and is a prominent RL scheme. In this model, state represents the destination node, action 

represents the next-hop neighbor node of the decision making node and reward represents network performance (e.g., throughput). 

Each link of a route is associated with a delay, and a node computes Q-value for each state-action pair in order to estimate the cost 

required for transmitting the data. 

There are two main advantages of applying RL to routing in CRNs. First, RL models the network performance that covers 

various factors in the operating environment or network conditions affecting the network performance. Second, prior knowledge 

of the operating environment or network conditions is not necessary, so an SU can learn about the operating environment on the 

fly as time goes by. Hence it can improve both routing and clustering performance, and it is very novel. RL reduces the effects of 

dynamic channel availabilities by observing, learning, and taking the optimal or near-optimal actions that minimize cluster 

maintenance. 

 SMART: 

SMART is for overcoming the challenges of multihop routing in CRNs through cluster-based routing and RL. Clustering aims to 

form clusters that fulfill the requirements on the number of common channels in a cluster and allow nodes to forward routing 

control messages efficiently without the need for broadcasting on all the available channels. RL aims to find a route that increases 

the usage of white spaces for maximizing SUs’ network performance. SMART also provides extension to clustering through cluster 

merging and splitting. SMART adjusts cluster size as time goes by so that a cluster fulfills the requirement on cluster size for 

improving scalability, as well as stability. SMART estimates the OFF-state probability of a channel at the next time instant and 

uses this estimation to rank and select the operating channels in clustering and routes in routing. 

 Clustering: 

There is a significant amount of work on cluster formation and gateway node selection in CRNs. Cluster maintenance adjusts the 

cluster size in order to reduce dynamic effects of the network, and it consists of cluster merging and splitting. 

Assume that a threshold for a minimum number of common channels is same in both cluster merging and splitting. Cluster 

merging combines two clusters into one and is possible when two clusters satisfy the threshold for minimum number of common 

channels. Cluster splitting splits one cluster into two, and it is performed when a cluster head realizes that its cluster cannot satisfy 

a threshold for a minimum number of common channels. 
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Suppose we set the threshold for minimum number of common channel is two in both cases (Cluster merging and splitting). 

When gateway node 1 in cluster 2 discovers that the set of common channels between clusters 1 and 2 is two it informs both cluster 

heads in clusters 1 and 2 about cluster merging. If both cluster heads agree to merge gateway node 1 in cluster 2 becomes the new 

cluster head. The existing cluster heads become member nodes of the new cluster head, and then inform their respective member 

nodes to join the new cluster head. Member nodes that are in the transmission range of a new cluster head joins the new cluster 

head. Member nodes that are not in the transmission range of the new cluster head request their previous cluster heads to provide 

connection to the new cluster head, so the cluster heads become relay nodes for such member nodes. Finally, the new cluster head 

selects the operating channel of the new cluster.  

 

Suppose common channels in a cluster are re-occupied by PUs. The cluster head initiates cluster splitting. The cluster head is 

aware of a list of available channels for all nodes in its cluster, it counts the number of nodes in each available channel and ranks 

these channels based on maximum node degree. The cluster head selects the highest ranked channels and identifies nodes that have 

such channels available. The cluster head forms one cluster comprising these nodes as new cluster. Finally, cluster heads and 

gateway nodes for the newly split clusters are selected. 
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 Cluster-Based Routing using Reinforcement Learning: 

We introduce Q-routing, an RL model, which is performed on the clustered network. The cluster head estimates the Q-value for 

each neighbor node to reach the destination and updates the routing table of Q-value. The Q-value equation is modified in order to 

state the OFF-state probability of the α bottleneck channel along a route. The bottleneck channel is the channel having the least 

OFF-state probability for the next time instant. The Q-value equation is given below as: 

Qnextsrc (dst, nbr) ← ((1-α) × Qcurrentsrc(dst, nbr)) +[ α×min(chanProbcurrentsrc,nbr,Qcurrent nbr,max(dst)) ] 

Here, α is the learning rate which lies under 0≤α≤1, src is the source cluster head, nbr is the secondary user neighbor node, 

channel probability is the OFF-state probability of the operating channel between the source cluster head and SUs neighbor node, 

Q represents the channel availability probability. 

For example cluster head wants to send the data packets to the SU destination node base station (BS). So it makes the RREQ 

message from cluster head to SU destination. RREQ messages send via two pathways and the best pathway for routing is selected 

by reinforcement learning approach. Reinforcement learning approach is applied by calculating the Q-value with channel OFF-

state probability. It is important to notify that lower route is selected because it is more stable (stable route is important than smaller 

pathways). 

 
Interference ratio Graph 

II. LITERATURE REVIEW 

With the emergence of CRN applications such as cognitive radio sensor networks and cognitive vehicular networks, multihop 

routing for wide area coverage is becoming essential. Multihop routing in CRNs is challenging due to several factors. First, a CRN 

is characterized by the dynamicity of channel availability (or white spaces) due to different levels of PUs’ activities. Second, the 

broadcasting of routing control messages over the distinctive available channels causes higher routing overhead and limits network 

scalability. Third, the dynamicity of channel availability can cause lack of a common control channel (CCC) for exchanging control 

information in routing. 

In the paper, the author G. Shine Let and G. Josemin Bala proposed “A Review of Cross Layer Design in Dynamic Spectrum 

Access for Cognitive Radio Networks”. It illustrates the basics of Cognitive radio networks and how the spectrum should be 

accessed and allocated in cognitive radio network. 

In the paper, the author Ghada Saleh, Amr El-Keyi and Mohammed Nafie proposed “Cross-Layer Minimum-Delay Scheduling 

and Maximum-Throughput Resource Allocation for Multiuser Cognitive Networks “. It Illustrates a Noval cross-layer scheme for 

interference cancellation. and Scheduling algorithm to minimize the delay. With including it also defines the resource allocation 

algorithm to increase the throughput.  

In the paper, the author W. Zhang and C. K. Yeo proposed “Cluster-Based Adaptive Multispectrum Sensing and Access in 

Cognitive Radio Networks”. It illustrates a cluster‐based adaptive multispectrum sensing and access strategy, in which the 

secondary users seeking to access the channel can select a set of channels to sense and access with adaptive sensing time 

III. CONCLUSION 

In this paper, we focus on the routing problem in CRNs caused by an intrinsic characteristic of cognitive radio: dynamic channel 

availability. The problem is addressed by clustering mechanisms, particularly cluster merging and splitting, and an artificial 

intelligence approach, specifically RL. Clustering and RL solve the routing problem in CRNs and improve network scalability and 

stability. We also propose SMART, which is a cluster- based routing scheme for CRNs. One of the main goals of CRNs is to 

minimize SUs’ interference to PUs. The simulation results confirm that cluster-based routing minimizes SUs’ interference to PUs, 

and also selects more stable routes and achieves significantly lower route discovery frequency. 
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