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Abstract - A fixed spectrum allocation policy has been adopted in recent years that allocates wireless spectrum 
to administrative agencies for licensing for a long period of time in high geographical areas. Mobile users will 
have access to a large bandwidth made available by Cognitive Radio Networks (CRN). However, due to the 
spectrum management problems like spectrum sensing and sharing, there are challenges in implementing the 
CRN networks. Therefore, in this paper, Enhanced Recurrent Neural Network (ERNN) with Rat Swarm 
Optimization (RSOA) is designed to enhance the energy efficiency for various spectrum sensing situations. The 
proposed algorithm is used to calculate the sensing time, sequence length and detection threshold. The ERNN-
RSOA has the adaptive threshold detection method to efficiently able to detect the spectrum with the optimized 
values of transmission power and sensing bandwidth. With the support of the ERNN-RSOA algorithm, the CRN 
network is able to achieve spectrum sensing and spectrum sharing. The proposed method is programmed and 
simulated within MATLAB and performance is studied using performance metrics like Normalized Energy 
consumption, delay, SNR, Jitter, Blocking probability, convergence analysis, and Throughput. The proposed 
method is compared with the existing methods such as Artificial Neural Network (ANN) with RSOA, and RNN 
with Firefly Algorithm (FA) respectively.      
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 1. INTRODUCTION 

Cognitive Radio (CR) is an interesting environment 
that understands the surroundings and is aware of its 
own environment. The main merits of CR are that it 
minimizes the interference and thereby, enhances 
the spectrum utilization through dynamic 
reconfiguration [1].Typically, a CR network (CRN) 
consists of primary users (PUs) and secondary users 
(SUs).The licensed owners of the spectrum are the 

PUs. TheSUs opportunistically access the unused 
spectrum with the requirement of limited harmful 
interference to the PUs [2, 3]. The SUs achieve 
opportunistic spectrum access through CRcycle 
functions which include: spectrum sensing, 
spectrum decision, High spectral efficiency and 
energy efficiency is a challenge in CR for high 
performance and low energy devices as the energy 
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consuming tasks reduces the spectral efficiency of 
SU. This occurs due to time and energy consumption 
on a different task which is not present in transmitted 
bits [4, 5].  

In CRN, spectrum sensing is one of the 
important technologies for opportunistic spectrum 
access [6, 7]. There are two schemes for spectrum 
sensing, namely individual spectrum sensing and 
cooperative spectrum sensing, in which each SUs 
independently decides its spectrum sensing decision, 
or cooperatively exchange their sensing information 
with the fusion centre, which makes the final sensing 
decision. Nevertheless, individual spectrum sensing 
undergoes a widely-known hidden PU problem [8, 
9]. This is why cooperative spectrum sensing has 
garnered more interest in the quest to increase the 
spectrum sensing reliability over individual 
spectrum sensing, which has been shown to be a 
better approach to the hidden PU problem [10, 11]. 

Spectrum sensing and spectrum prediction 
are two approaches to explore spectrum access 
opportunities in CRN. Spectrum prediction can 
alleviate the processing delay and energy 
consumption occurred in spectrum sensing, and has 
wide applications in future wireless networks, such 
as CRNs, cooperative relay networks, and 5G 
networks [12, 13].Spectrum sensing aims at 
identifying the current radio spectrum state (RSS), 
which is done through a number of different 
approaches and is energy and time consuming, while 
spectrum prediction infers the future possibly 
unknown RSS from the historically known RSS 
measurements by leveraging the inherent 
correlations and/or regularities [14, 15].Classic 
spectrum-sensing techniques, such as energy 
detection, matched-filter-based detection, cyclo-
stationary feature detection, and covariance-matrix-
based detection were established decades ago. 
Advanced detection techniques like cooperative 
sensing were suggested to further enhance 
performance using spatial, temporal and/or spectral 
correlation between the sensors. More recently, the 
machine learning approaches, such as Support 
Vector Machines (SVM), the K-means clustering 
algorithm and the Gaussian Mixture Model (GMM) 
have been used in spectrum sensing [16, 17] 
respectively. Because SS based channel status 
estimation is a classification problem, a number of 
researchers used the Machine Learning (ML) 
models as a channel status estimation tool [20].  

The remaining part of the paper is organized as 
follows, section 2 given the detailed review part of 
the paper. A brief description of the proposed 
methodology is presented in section 3. The 
outcomes of the proposed methodology have been 
presented in section 4. The conclusion part of the 
paper is presented in section 5.  

 
2. LITERATURE REVIEW 

Many methods are available to enable efficient 
spectrum sensing in CRN network. Some of the 
methods are reviewed in this section.  

Mengbo Zhang et al. [21] have analysed the 
distributed cooperative spectrum sensing (CSS) 
method based on reinforcement learning (RL) to 
remove data fusion between users with different 
reputations in CRN. Their method regards each SU 
as an agent, which was selected from the adjacent 
nodes of CRN participating in CSS. The reward is 
reputation value to make sure that the agent is 
inclined to merge with nodes with a high reputation 
value. The conformance fusion was adopted to 
promote consensus of the whole network, while it’s 
also compared with the decision threshold to 
complete CSS. Their proposed method is effective 
in identifying malicious users, as demonstrated by 
the simulation results. As a result, the whole CRN 
based on RL was more intelligent and stable. 

Geoffrey Eappenet al. [22] have formulated 
the multi-objective parameters of cognitive radio 
network (CRN) to analyse the efficiency of the 
spectrum sensing. Parameters listed were 
throughput, interference, and energy efficiency, 
sensing time, power allocation, and detection 
threshold and so on. They were proposed a Multi-
Objective Modified Grey Wolf Optimization 
(MOMGWO) algorithm to solve the multi-objective 
optimization problem in the field of spectrum 
sensing in a CRN. Their proposed algorithm was 
compared with the existing algorithms such as Non-
dominated Sorting Genetic Algorithm (NSGA-II), 
Multi-Objective Particle Swarm Optimization 
(MOPSO), Multi-Objective Cat Swarm 
Optimization (MOCSO) and the conventional 
Multi-Objective Grey Wolf Optimization 
(MOGWO) algorithm on the non-dominated 
solution set. The result of the simulation 
demonstrates that their proposed MOMGWO has 
performed better than the existing algorithms in 
terms of the quality of the Pareto front.  

Osameh M. Al-Kofahiet al. [23] carried out 
a problem of selection of sensor nodes related to the 
request and the objective function was achieved as 
the minimization of consumed energy in the CRN. 
They considered a spatial and temporal scheduling 
problem, in which, the energy levels at sensors, the 
maximum transmissionrange of secondary user 
(SUs), and the required monitoring time were taken 
into account. The problem was formulated as an 
Integer Linear Program (ILP). To solve the problem 
is CRN, sub-optimal greedy algorithm was proposed 
with twovariations. Thorough evaluation shows that 
their proposed algorithm performs very well with 
respect to theoptimal solution. Finally, results 
illustrate that the first algorithm variation was better 
in terms of energy cost,and the second variation 
allows for serving requests with a lower number of 
nodes. 
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In [24] Woongsup Lee et al. have studied 
cooperative spectrum sensing (CSS) in a CRN with 
a scenario in which multiple secondary users (SUs) 
cooperate to detect a primary user (PU) that may be 
using multiple bands. They were developed the 
convolutional neural network (CNN) for the Deep 
cooperative sensing (DCS). Unlike CSS, no explicit 
mathematical modelling was performed in DCS and 
the strategy for combining the individual sensing 
results of the SUs was learned autonomously by a 
CNN by training SUs with the sensing samples, 
whether they are quantized or not. Furthermore, both 
spectral and spatial correlation between the sensing 
results of individual sensors were considered and an 
environment-specific CSS was enabled in DCS.  

Ramsha Ahmedet al. [25] have developed 
the support vector machines (SVM) in cognitive 
radio (CR) technology with the IoT paradigm (CR-
IoTNet). Their approach is to allow it to learn and 
adapt to the network dynamics as the network 
changes, while also being able to determine the PU 
spectrum usage using the previously developed 
multi-class (𝐽 × 6)-D feature set. The performance of 
CR-IoTNet was evaluated across several key 
factors, where simulation results validate the 
efficacy of their proposed framework in achieving 
high reliable identification, classification and 
allocation of unoccupied frequency bands in PU 
spectrum, especially in key areas of low signal-to-
noise ratio (SNR).  

Seeam daudi arthur nkalango et al. [26] 
have proposed a double deck cluster cooperative 
relay assistance model in hybrid spectrum sharing in 
cognitive radio networks. This presented model 
allows to achieve the energy efficiency by 
optimising the cooperative secondary users in each 
cluster group. Based on the results of mathematical 
analysis, implement the power allocation scheme in 
this design according to the power constraint. For 
both network scenarios, (with and without cognitive 
relays in the network), normalised energy 
consumptions and amplifying gains were achieved 
and evaluated. The simulation results demonstrate 
that the presented scheme has a good performance in 
terms of saving energy as compared to a traditional 
scheme. 

G. Dinesh et al. [27] have presented the 
Modified Spider Monkey Optimization (MSMO) 
technique which utilized for spectrum sensing and 
detecting free spectrums, thereby enhancing the 
energy efficiency of the available spectrum. This 
technique will find the optimal solution and 
increases the expectation of some decisions. 
Modified round robin algorithm was used for 
scheduling load. In this algorithm, every packet flow 
has its packet queue presented in the network 
interface controller. The performance analysis was 
finally measured using metrics such as throughput, 
handoff, success probability, and false alarm 
probability. 

Spectrum sensing is the process of sensing 
the spectrum and detecting the presence of a primary 
user. The secondary user can use the spectrum if the 
primary user is not present. Various types of 
methods that can be used to enhance the 
performance at low SNR like matched filter method 
as well as eigen value method. The eigen value 
detection method cannot decrease the computation 
complexity and sensing time at the same time. The 
energy detection is the most efficient method due to 
the properties of low cost, low computational 
complexity, which can be efficient spectrum 
sensing. In the past few years, the AI based spectrum 
sensing techniques are captivating the attention of 
researchers due to their low complexity and efficient 
approach. From the literature part of spectrum 
sensing by AI techniques, its lacks global search and 
local search. This AI technique can be impacted in 
the convergence analysis. The above-mentioned 
disadvantages should be addressed to make the 
efficient spectrum sensing feasible in CRN 
networks. Important issues that arise with 
conventional spectrum sensing are outlined below, 

 The author [19] has introduced the 
Hybrid PSO-GSA for spectrum 
sharing and sensing in the CRN 
network. This algorithm, however, is 
without global search, while PSO 
algorithm is without local search.  

 The author [20] has introduced a 
paradigm of considering the energy 
consumption of the circuit as an 
important indicator for calculating 
energy efficiency of the network 
system. But this method only suitable 
for short range applications. 

 The author in [26] has introduced a 
double deck cluster cooperative relay 
assistance model in hybrid spectrum 
sharing for cognitive radio (CR) 
network. However, in all these works, 
the basic aim is not based on 
cooperating cluster groups (CCG) of 
CRs under double decking relay 
assistance (DDRA) with a target to 
reduce EC in CRNs at the same time 
maintaining the detection accuracy of 
the spectrum status. 

 The author [27] have presented 
MSMO technique which utilized for 
spectrum sensing and detecting free 
spectrums, thereby enhancing the 
energy efficiency of the available 
spectrum. Whenever a large number of 
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primary channels occurred, then it was 
difficult to schedule cooperative 
spectrum sensing in CR networks. 

To overcome the abovementioned drawbacks, the 
proposed methodology is designed for spectrum 
sensing and sharing in the CRN network during data 
transmission.  

3. Proposed System Model 

There is a trade-off between 5G heterogeneous 
network's spectrum sensing efficiency and energy 
efficiency for the CRN. In designing the battery-
powered CRN network, the spectrum sensing and 
spectrum sharing is solved by a concentrate of 
energy efficiency. Solving the optimization problem 
of energy efficiency in spectrum sensing is the main 
focus in the existing methods, which uses convex 
optimization. The real-time spectrum sensing 
problem, however, is a non-convex optimization 

problem. In this paper, ERNN-RSOA is proposed to 
enhance the energy efficiency of the different 
spectrum sensing scenarios. The proposed algorithm 
is applied to calculate the sensing time, the length of 
the sequence and the detection threshold. The 
ERNN-RSOA has the adaptive threshold detection 
method to efficiently able to detect the spectrum 
with the optimized values of transmission power and 
sensing bandwidth. The ERNN-RSOA algorithm is 
used to help achieve the spectrum sensing and 
sharing of the CRN network. The proposed 
Algorithm block diagram is shown in figure-1. 
Initially, the CRN is designed with different 
channels and spectrum level for analysis of the 
proposed methodology which presented as follows,  

 The CRN is designed for Primary Users 
and Secondary Users. The secondary users 
in the CRN utilize the unused spectrum 
bands of the secondary users.  

 The CRN is designed with base stations.  

 

Figure 1: System Model  

The mathematical model [15] of CRN network 
sensing is presented as follows: The computation of 
the local sensing time of 𝐼௧௛users in CRN is given 
below equation,  

𝑌ூ + (𝑁)

= ൜
𝑊ூ(𝑁),               ℎ଴

𝐻ூ(𝑁)𝑆(𝑁) + 𝑊ூ(𝑁)          ℎଵ

                (1) 

Where, ℎଵ and ℎ଴ can be described as primary signal 
status (i.e., 1≤ 𝐼 ≤ 𝑛), 𝐻ூ(𝑁) can be described as 
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Rayleigh distribution and 𝑆(𝑁) can be described as 
a primary signal. The binary hypothesis of the CRN 
network is presented below,  

𝑁 = 1,2, … . , 𝑚ூ              (2) 

Where, 𝑚ூ can be described as a number of samples 
with a frequency range of the primary user. The 
average energy of CRN is mathematically 
formulated as follows,  

𝐸ூ(𝑌) =
1

𝑀
෍|𝑌(𝑁)|ଶ

ெ಺

ேୀଵ

                    (3) 

The spectrum is being sensed and shared in the CRN 
network, based on the average energy. In the 
proposed methodology the spectrum is sensed and 
shared optimally with the Users. The general 
objective of the research as stated above, is to be 
achieved by the proposed method, 

 To enable efficient spectrum sharing and 
sensing in CRN, the proposed algorithm is 
developed. 

 In this proposed methodology, energy 
efficiency is considered as the main factor 
to select the power allocation. Using 

adaptive threshold detection method, the 
energy efficiency is calculated. This 
process is used to facilitate the efficient 
utilization of spectrum sharing and 
spectrum sensing in CRN network. 

 Working towards energy efficiency and 
maintaining the sensing bandwidth with the 
goal of designing an energy-efficient 
Continuous Spectrum Sensing (CSS) 
method.  

 Optimizing the functions that are energy 
efficient using the proposed algorithm by 
doing iterations with each variable being a 
subproblem. 

This is a proposed methodology where the spectrum 
management (spectrum sharing and sensing) is 
supported in the CRN network by using ERNN-
RSOA. The methodology is proposed based on the 
model of the CRN network. The users that are 
connected with the base station to enable the 
communication with a centralized and decentralized 
network are in the CRN network. This proposed 
methodology is based on the cognitive radio 
topology that consists of more than one SUs and 
PUs.  

(a) 

Figure 2: Block diagram of the proposed methodology 
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From figure 2, the SUs are located away from the 
Pus which enables the efficient transmission period. 
This type of transmission is referred to as 
cooperative sensing theory. The entire CRN network 
is involved in the participation and results are 
obtained. In the CRN network, the sensing time is 
imitating spectrum sensing and finalized at the time 
by detecting the user authenticated or malicious. As 
proposed in this methodology, the ERNN-RSOA is 
used in the CRN network with the entire network 
designed decentralized, as the PU and SU are linked 
in peer-to-peer technology. In order to analyse the 
proposed methodology, it is assumed that there are 
only one PU and N SU. To enable efficient spectrum 
sensing and sharing conditions, the ERNN-RSOA is 
utilized. Prior to the realization of energy detection, 
spectrum sensing validation is crucial. The adaptive 
threshold spectrum energy detection is described in 
detail below section.  

3.1. Adaptive threshold spectrum energy 
detection (spectrum sensing) 

The spectrum sharing and sensing processes are 
taken into consideration in the proposed CRN 
network. One of the important tasks in the spectrum 
sensing process is the identification of energy. In 
this proposed spectrum analysis, an Adaptive 
threshold spectrum energy detection algorithm is 
used. Initially, the receiver signal is collected for 
analysing the bandwidth and sampling rate. The 
power of the received signal is compared with some 
threshold value [16]. During the comparison 
analysis, the threshold value is achieved the 
threshold value means considered as PU is 
accessible. Hence, threshold value-based, the 
received signal is described which formulated as 
follows, 

𝐸(𝑋) = ൜
1 𝑁(𝑇)

0 𝑆(𝑇) + 𝑁(𝑇)
                  (4) 

Where 𝑁(𝑇) can be described as Additive White 
Gaussian Noise (AWGN) and 𝑆(𝑇) + 𝑁(𝑇) can be 
described as AWGN with the signal. From equation 
(4), the received signal energy state is identified by 
the idle and busy state. The AWGN is named an idle 
channel and AWGN with a signal is named as a busy 
channel. From the consideration of the adaptive 
threshold spectrum, the energy detection algorithm 
is identifying the channel state.  The adaptive 
threshold spectrum energy detection process is 
presented in algorithm 2.  

Algorithm 2: Adaptive threshold spectrum 
energy detection algorithm 

Input: Consider the primary user spectrum and 
N-1 secondary user spectrum. Here two types of 
channels are identified such as Idle channel and 
the busy channel.  
 
Output: Sensing results are achieved with the 
help of an adaptive threshold spectrum energy 
detection algorithm. 
                Sense channel 
                If E(x)=N(T) then 
                Idle channel 
                Else 
                If E(X)=N(T)+S(T) then 
                Busy channel 
                End if 
                End if 

Based on the adaptive threshold spectrum energy 
detection, the spectrum sensing is achieved the idle 
channel, and busy channel is detected in the CRN 
network which utilized to enhance the spectrum 
sharing process. During the spectrum sharing, the 
probability of false alarm is calculated, as follows,  

Probability of false alarm:  

It's a measure of probability of miss detection of the 
spectrum and energy. The probability is the ratio of 
the number of times miss detection with a number of 
iterations. This probability measure can be 
mathematically described as follows,  

𝐹𝐴(𝑃) = 1 − 𝑃ெ஽ =
𝜃ெ

𝜂
                  (5) 

Where, 𝐹𝐴(𝑃) can be described as a probability 
function of false alarm, 𝑃ெ஽  can be described as 
probability of spectrum detection, 𝜃ெ can be 
described as a number of times detect the energy 
detection and 𝜂 can be described as a number of 
iterations. Based on spectrum sensing information, 
spectrum sharing is achieved in the CRN network. 
The spectrum sharing process with ERNN-RSOA is 
explained below section.  

3.2. Recurrent Neural Network 

The RNN is one of the classes of ANN, in which the 
connections between the units establish a directed 
cycle. It generates an internal state of the network 
which allows it to develop characteristics of 
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dynamic temporal. Compared with the feed forward 
neural networks, the RNN can be utilizing their 
internal storage to operate Random input sequences. 
The main motive of RNN is to use the sequential 
data [27]. In the conventional neural network, 
complete input and outputs are connected to be 
independent of each other. Moreover, different 
applications, this connection are not sure. They 

repeat similar operation for each parameter of input 
sequence with the consideration of input to the 
output with previous calculations; hence, the name 
recurrent is given to the RNN. Likewise, there is a 
specific storage for the RNNs which can be used to 
store input data based on the computation carried out 
up to that point. The architecture of RNN is shown 
in figure 2. 

O(T-1) O(T) O(T)

S(T-1) S(T) S(T-1)

Ws(T-1)

X(T-1)
X(T)

X(T+1)

Us(T)

 

Figure 3: Structure of recurrent neural network 

The RNN structure is contains the input state (𝑥ூ), 
hidden state (ℎூ), and output state (𝑜ூ) with the 
consideration of time step 𝑇. The RNN structure is 
an unfolded into a complete network. Because of 
unrolling RNN, the network is designed in a 
complete sequential format. The hidden state of the 
RNN structure also known as network memory. This 
memory is computed based on the previous input 
and hidden state of the present scenario which 
presented in equation (1). From the equation, the 
function (𝑓) can be known as nonlinear. To compute 
first hidden state, the term 𝑆(𝑇 − 1) is named as 
initial hidden state which initialized with complete 
zeros.  

𝑆் = 𝐹൫𝑈௑் + 𝑊௦(்ିଵ)൯                           (1) 

Normally, the RNN has the ability to handling 
sequence of data by assuming that the present 
timestep. The present timestep is completely 
depends on the previous timestep, it also affects 
from different drawbacks such as exploding 
probability and gradient vanishing. To alleviate the 
above drawbacks, the long short-term memory 
(LSTM) algorithm is utilized. It is specific class of 
RNN models. This LSTM is developed by 
Horchreiter and schmidhuber in 1997 and is utilized 
to collect the long-term temporal dependencies. The 

main objective of the LSTM model is a memory cell 
that state may be varied at different time. The gated 
nonlinear sections are utilized to decide that 
information should be thrown away from or stored 
in different advantages. In this proposed 
methodology, the LSTM method was utilized to 
achieve efficient features over an RNN.  
The LSTM consists specific units’ names as 
memory blocks in the recurrent hidden layer. The 
memory block consists memory cells for storing 
purpose and special multiplication units named as 
gates to control the input data. Every memory cell in 
the input architecture consists an output gate and 
input gate. The input gate maintains the flow of input 
activations into the memory cell. Similarly, the 
output gate mange the output flow of cell activations 
into the remaining of the RNN structure. Finally, the 
forget gate is added to the memory block. 
Additionally, the modern LSTM structure consists 
of peephole connections from its internal cells to the 
gates in the similar cell to train precise timing of the 
outputs. An LSTM network calculates a mapping 
from an input sequence 𝑋 = (𝑋1, . . . , 𝑋𝑇) to an 
output sequence 𝑌 = (𝑌1, . . . , 𝑌𝑇) by computing the 
network unit activations with the consideration of 
below equations with iterations 𝑡 = 1, … , 𝑇.  
 

𝐼௧ = 𝜎(𝑤ூ௑𝑋் + 𝑤ூ௠𝑚்ିଵ + 𝑤ூ௖𝐶்ିଵ + 𝐵ூ)                      (2) 

𝐹௧ = 𝜎൫𝑤ூ௑𝑋் + 𝑤௙௠𝑚்ିଵ + 𝑤௙௖𝐶்ିଵ + 𝐵௙൯                      (3) 

𝐶௧ = 𝐹௧⨀𝜎𝐶்ିଵ + 𝑖் ⊙ 𝐺൫𝑤஼௑𝑋் + 𝑤௖௠𝑚்ିଵ + 𝐵௙൯                      (4) 

𝑂் = 𝜎(𝑤ை௑𝑋் + 𝑤ை௠𝑚்ିଵ + 𝑤ை௖𝐶்ିଵ + 𝐵௢)                   (5) 
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𝑚் = 𝑂் ⊙ 𝑡𝑎𝑛 ℎ(𝐶்)                     (6) 

𝑌௧ = ∅൫𝑤௙௠𝑚் + 𝐵௬൯                 (7) 

Where, tanh can be described as network output 
activation function, G can be described as cell input, 
I can be described as input gate, O can be described 
as output gate and C can be described as cell 
activation vectors, F can be described as forget gate, 
σ can be described as logistic sigmoid function, B 
can be described as bias vectors, 𝑤ூ௑ , 𝑤ூ௑  𝑎𝑛𝑑 𝑤ை௑ 
can be considered as diagonal weight metrices, w 
can be described as weight matrices and ∅ can be 
described as a Softmax function and ⊙ can be 
described as element wise product of the vectors. To 
enhance the learning algorithm in the RNN model, 
the SOA algorithm is utilized which speed up the 
convergence process [28]. To achieve the fastest 
convergence rate by achieving efficient parameters, 
the SOA is suitable. In recent years, AI techniques 
are most appropriate to enable efficient training 
process, it can offer a best balance between the speed 
of RSOA methods and the convergence of the 
steepest decent. Typically, the Levenberg-
Marquardt (LM) is used in feedforward networks for 
training process. This method may not be achieved 
efficient results in training process. For this reason, 
the use of RSOA is the solution adopted in this paper 
to facilitate the efficient training process in the RNN 
network structure..  

3.3. Rat Swarm Optimization Algorithm 

The algorithm rat swarm optimization is used for 
optimal spectrum sensing in the CRN network. The 
general description of the AROA is presented in this 
section. The RSOA and RNN regulators have gotten 
used to controlling the power contained in the 
system, which will improve the structure's strength. 
The RSOA algorithm recognizes rats as medium 
sized rodents, which have a long tail and range in 
size and weight. There are two main types of rats, 
the black and brown. In the rat family, females are 
called does and males are called "bucks. Rats are 
social and smart. They groom each other and exhibit 
behaviors such as jumping, chasing, tumbling and 
boxing [31]. Rats live in a group of both males and 
females and are territorial. Rats are known for their 
aggressive nature, which can lead to the death of 
certain animals. While chasing and fighting with 
prey, this aggressive behaviour is the key incentive 
for this task [32]. The chasing and fighting 
behaviours of rats are mathematically analysed in 
this study in order to construct the RSO algorithm 
and undertake optimization.  

ERNN explores wrong boundaries of the 
regulator structure. The RSOA computation is used 

to define error estimates. The proposed technique's 
cycle is explained in the steps below. 

 

Step 1:  

Initialization: Initialize the rats population 

Pi where i = 1, 2, … , n. 

𝑅𝑎𝑡𝑠 =

⎣
⎢
⎢
⎢
⎢
⎡
𝑋ଵ

ଵ 𝑋ଵ
ଶ … 𝑋ௗ

ଵ

𝑋ଵ
ଶ 𝑋ଵ

ଶ … 𝑋ௗ
ଵ

. . . .

. . . .

. . . .
𝑋ଵ

ே 𝑋ଵ
ே … 𝑋ௗ

ே⎦
⎥
⎥
⎥
⎥
⎤

   

             (16) 

All rats have been "warm-up"ed. In the 
preliminary iteration, rats don't have any initial 
values, and it is concluded that they have concealed 
their foods at starting process. 

 

𝑚𝑒𝑚𝑜𝑟𝑦 =

⎣
⎢
⎢
⎢
⎢
⎡
𝑀ଵ

ଵ 𝑀ଵ
ଶ … 𝑀ௗ

ଵ

𝑀ଵ
ଶ 𝑀ଵ

ଶ … 𝑀ௗ
ଵ

. . . .

. . . .

. . . .
𝑀ଵ

ே 𝑀ଵ
ே … 𝑀ௗ

ே⎦
⎥
⎥
⎥
⎥
⎤

   

    (17) 

Step 2:  

 Choose the initial parameters of RSO: A, 
C, and R. 
Step 3: 

Fitness Function Evaluation:  
The quality of rat’s locations is calculated 

by introducing the decision variable values in to 
attack detection and security. All the fitness values 
for all the rats are calculated in this step. 

 
𝐹 = min (𝑇௣, 𝐶௤ , 𝐸௜)  (18) 

Step 4:  

Here, the optimal search agent is identified 
from the search space. 

 
Step 5:  

Updation 
By utilizing the equation (19), the search 

agent positions are updated. 
  
Memory updating: The rat memory is 

updated based on the below equation, 
 



EFFICIENT SPECTRUM SENSING IN COGNITIVE RADIO NETWORK-A HYBRID ERNN-RSOA APPROACH 

IJDDT, Volume16 Issue 59s, 2026 
Page: 762 

𝑀௧ାଵ = ൜
𝑋௔

௧ାଵ   𝑓(𝑋௔
௧ାଵ) 𝑖𝑠 𝑏𝑒𝑡𝑡𝑒𝑟 𝑡ℎ𝑎𝑛 𝑓(𝑀௔

௧ )

𝑀௔
௧              𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                           

     
  (19) 

Then, where f(.) is the value of the 
objective function of the system, if the fitness 
function parameter of the new position of the rat is 
higher than the fitness function parameter of the 
memory location, the fitness function parameter of 
the memory location is changed by the optimal 
location. 

 
Step 6: Ensure that the search agent does not go past 
the outer boundaries of the search space before 
making changes. If a more effective search agent is 
found than the previous best, then calculate the 
fitness of the search agent once again and update the 
vector Pr.  
 
Step 7: Stop the algorithm if the halting conditions 
are satisfied. Otherwise, repeat Step 5. 
 
Step 8: The optimum solution should be returned. 
Administrators can be described as those who have 
publishing power, compulsions and problem making 
decisions. Check the applicability of the new 
position: The reliability is lost, because of the new 
position of the rat. Rats will change their spots when 
it's possible. Until an agreement can be made, the rat 
will remain in its current state and won't switch to 
the novel state of production. 
 

Step 9: 

Check the end condition: The above improvements 
will be re-designed until they become more relevant. 
The ordering of executives and/or the intensity of the 
problem at the final step in meeting the criteria lags 
the memory's optimal condition with respect to the 
target value. This proposed method is tested in 
MATLAB Simulator and the results are presented in 
section 4. Prior to that, the next step is examined, 
and a thorough explanation is given. 
 
The pseudo-code of the RSOA is illustrated in 
algorithm 1.  

Algorithm 1: Pseudocode of RSOA for 
membership function variable selection 
Input: Spectrum Energy. 
Output: Optimal spectrum allocation.  
Begin 
          Initialize the population with energy 
variables 
          Initialize the rat parameters, brake, 
accelerator, gear, steering angle 
          Find success rate 
          Evaluate the fitness function  
While t< off time 

            For i=1 to R 
             Update the position of rats 
              
Rank the rats according to their fitness value 
            Select the maximum leading rat 
            Update the parameters 
            Save the results of optimal membership 
function parameters. 

The above process is repeated every time until the 
time moves the off time, within those is the above 
computation of the time elapsed as off time. The 
final result is a winner – the top rats. Considering the 
ERNN-RSOA proposed algorithm, spectrum 
sensing and sharing is enabled in the CRN network.  

4. Performance Evaluation 

In this section the performance of the proposed 
methodology is analysed and validated. To validate 
the presence of the projected ERNN-RSOA based 
spectrum management of spectrum sensing and 
sharing in the CRN network, the proposed method is 
implemented in an Intel Core i5-2450M CPU 
2.50GHz laptop and 6GB RAM. The MATLAB 
software (R2016b) implements this method. The 
proposed method implementation parameters are 
given in table 1. Implementing the proposed method 
and testing with the performance metrics: 
Normalized Energy consumption, delay, Signal 
Noise Ratio (SNR), Blocking probability, 
convergence analysis and Throughput is tested and 
validated. The proposed method is compared with 
the existing methods like Artificial Neural Network 
(ANN) with RSOA, and RNN with Firefly 
Algorithm (FA) respectively.   

Table 1: Proposed method parameters 

S. 
N
o 

Metho
d 

Descriptio
n 

Value 

1  
 
 
 
 
 

Propos
ed 

Metho
d 

Channel 
utilization 
Interval 

1s 

2 Cognitive 
radio 
model 

CRAHN 

3 Queue 
Length 

100 packets 

4 Transport 
protocol 

OHTP 

5 Antenna 
Model 

Omni 

6 MAC type Standard/Opportun
istic IEEE 802.11 
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7 Network 
Interface 

Type 

Wireless PHY 

8 Channel 
Type 

Wireless 

9 Radio 
propagatio
n channel 

Two-way ground 

10 Number of 
users 

(primary 
and 

secondary 
user) 

100 

11 Bandwidth 3MHz 
12 Sensing 

power 
100mW 

13 Transmissi
on power 

3W 

14 Sampling 
frequency 

6MHz 

The primary user and the secondary user 
transmission condition with energy efficiency is 
analysed in the analysis. In the primary condition, 
Q1>Q2 and Q1<Q2 are studied. The energy 
efficiency of the various transmission conditions 
(data) is considered here as Q1 and Q2. In the same 
way, in the secondary user, Q1>Q2 and Q1<Q2 are 
examined. So, four different conditions are analysed 
in terms of energy efficiency, optimal detection 
threshold, optimal sensing time, sensing time with 
energy efficiency. The energy efficiency vs 
detection threshold for cases is illustrated in figure 
4. The proposed method is compared to that of the 
conventional methods like ANN with RSOA, and 
RNN with FA.  

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 4: Analysis of Energy efficiency vs detection threshold (a) scenario 1, (b) scenario 2, (c) scenario 3 and 
(d) scenario 4 

The energy efficiency vs detection threshold plot of 
scenario 1 is shown in figure 4(a). The proposed 

method is accomplished with an energy efficiency of 
6.1J at a detection threshold of 280-440. Likewise, 
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the conventional approaches, such as ANN with 
RSOA, and RNN with FA, have been achieved at a 
280-440 detection threshold of 4.2J and 3J, 
respectively. From the analysis, the proposed 
methodology has been achieved the best energy 
efficiency results. The energy efficiency vs 
detection threshold analysis has been shown in 
figure 4(b) for scenario 2. The proposed 
methodology has resulted in 4.8J energy efficiency 
at 280-440 detection threshold from this figure. 
Similarly, the conventional approaches of ANN and 
RNN have been accomplished at 3.3J and 2.5J 
detection threshold respectively. From the analysis, 
the proposed methodology has been achieved the 
best energy efficiency results. The energy efficiency 
vs detection threshold analysis of scenario 3 is 
shown in figure 4(c). From this number, the 
proposed methodology has been accomplished with 
9J energy efficiency at 280-440 detection threshold. 
Likewise, the traditional approaches of ANN and 
RNN with RSOA and FA respectively have been 
accomplished 4.2J and 3.5J at 280-440 detection 
threshold. From the analysis, the proposed 
methodology has been achieved the best energy 
efficiency results. The energy efficiency vs 
detection threshold for scenario 4 is shown in figure 
4(d). From this figure, the proposed methodology 
has been achieved 11J energy efficiency at 280-440 
detection threshold. Likewise, the conventional 
approach of ANN and RNN respectively with 
RSOA and FA has been accomplished 7J and 5.5J at 
280-440 detection threshold. Based on this analysis, 
the proposed methodology has been obtained the 
best results of energy efficiency. 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 5: Analysis of optimal detection threshold vs SNR (a) scenario 1, (b) scenario 2, (c) scenario 3 and (d) 
scenario 4 
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In figure 5, the optimal detection threshold (Vs 
SNR) is shown. The optimal energy threshold of 
scenario 1 is shown in figure 5(a). The methodology 
proposed has been accomplished at -16db for 450. 
Likewise, the traditional RSOA/ANN and FA/RNN 
solutions have been accomplished at -16db with 388 
and 322, respectively. From the analysis, the 
proposed method has been achieved the best optimal 
detection threshold in the CRN network. The 
optimal energy threshold of scenario 2 is shown in 
figure 5(b). In the figure, the proposed methodology 
has been accomplished at -16db. Likewise, the 
traditional approaches of ANN and RNN with 
RSOA and FA have been accomplished at -16db 
with the performance of 392 and 312 respectively. 
The analysis results show that the proposed method 
has successfully obtained the best optimal detection 
threshold in the CRN network. The optimal energy 
threshold of scenario 3 is shown in figure 5(c). The 
figure indicates that the proposed methodology has 
been accomplished at -16db. Also, the traditional 
approach of ANN-RSOA and RNN-FA have been 
attained with 386 and 302 at -16db respectively. It is 
found that the proposed method has optimal 
detection threshold in the CRN network from the 
analysis. The optimal value of the energy threshold 
for scenario 4 is shown in figure 5(d). Based on the 
figure, the proposed methodology has been realised 
485 at -16db. Conventionally, at -16db, the methods 
of ANN and RNN have been accomplished with the 
help of RSOA and FA respectively are 376 and 312 
respectively. Based on the analysis, the proposed 
method is able to get the best optimal detection 
threshold in the CRN network. 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 6: Analysis of optimal sensing time vs SNR (a) scenario1, (b) scenario2, (c) scenario3 and (d) scenario 4 

The trade-off between the energy efficiency and 
sensing time of the proposed methodology is shown 

in figure 6. The energy efficiency of scenario 1 and 
the number of times the energy sensor has been used 
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over time is shown in figure 6(a). The figure 
illustrates the proposed method, which can be 
obtained 12.05J energy efficiency by 5ms sensing 
time. Similarly, the conventional methods of ANN 
with RSOA and RNN with FA have been achieved 
11.01J and 10.01J, at 5ms sensing time. The energy 
efficiency is shown as a function of the sensing time 
in figure 6(b) for the scenario 2. The results, as 
displayed in the figure, have attained an energy 
efficiency of 4.8J with a sensing time of 5ms by 
adopting the proposed method. Likewise, the 
conventional techniques of ANN (RSOA) and RNN 
(FA) have been attained at 3.08J and 2.06J 
respectively at the sensing time of 5ms. In figure 
6(c), the energy efficiency vs sensing time of 
scenario 3 is illustrated. The figure shows that 9J 
energy efficiency in 5ms sensing time has been 
achieved with the proposed method. The same is 
true for the conventional approach of ANN and 
RNN with RSOA and FA, which have been 
accomplished at 5ms sensing time with 5.8J and 
50.01J, respectively. The energy efficiency versus 
sensing time of the scenario 4 is shown in figure 
6(d). It is seen from the figure that the proposed 
method has been realized 21J energy efficiency at 
5ms sensing time. Similarly, the conventional 
methods of ANN with RSOA and RNN with FA 
have been achieved 5.8J and 50.01J, at 5ms sensing 
time. From the analysis, the proposed methodology 
energy efficiency is decreased with sensing time 
increased condition. Furthermore, the proposed 
methodology has been obtained high energy 
efficiency values. 

 

Figure 7: Comparison analysis of convergence 

 

Figure 8: Comparison analysis of energy 
efficiency  

The convergence analysis of the proposed 
methodology is shown in figure 7. The methodology 
proposed is achieved from the figure 8 times fitness 
function values. This is a proposed methodology 
where the maximization function is studied. The 
conventional methods of ANN with RSOA and 
RNN with FA has been achieved 6, and 4 fitness 
function value. The analysis shows that the proposed 
method converging easily and getting the maximum 
value. The comparison analysis of the energy 
efficiency is shown in figure 8. The analysis of the 
proposed methodology is carried out with varying 
number of nodes in figure 8. In the figure, the 20 
nodes are achieved 7.1J energy efficiency, the 40 
nodes are achieved 6.9J energy efficiency, the 60 
nodes are achieved 6.4 energy efficiency, the 80 
nodes are achieved 5.2J, the 100 nodes are achieved 
4.4J respectively. The number of nodes is rising, so 
is the energy consumed. The energy efficiency is 
increased initially in proportion with the increment 
of energy consumption for user, which will enhance 
the sensing performance by reducing the losses in 
data transmission process and high energy 
consumption. Furthermore, the change in energy 
efficiency as a function of user did not vary 
significantly following a certain user by a rise in the 
transmission power. Therefore, the design of the 
proposed energy efficient model can be designed to 
choose a required number of users to decrease 
unnecessary power consumption of the users. The 
energy efficiency will be compared with the 
spectrum efficiency presented in figure 8 for the 
proposed method. The proposed methodology has 
been achieved 4.4*105 bit/joule energy efficiency at 
8.4 spectrum efficiency. Similarly, the conventional 
methodology of ANN with RSOA and RNN with 
FA has been achieved 3.2*105 bit/joule and 2.2*105 
bit/joule respectively. From the analysis, the 
proposed methodology has been achieved the best 
energy efficiency in the data transmission. From the 
analysis, the proposed methodology has been 
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achieved a low error rate. From the comparison 
analysis, we can conclude, the proposed 
methodology has been achieved the best results.  

5. Conclusion 

The focus of this paper is to develop the ERNN-
RSOA for an enhanced energy efficiency for various 
spectrum sensing scenarios. The proposed algorithm 
has been used to calculate the sensing time, 
sequence length and detection threshold. To 
efficiently detect the spectrum with optimized 
values of transmission power and sensing 
bandwidth, the ERNN-RSOA has the adaptive 
threshold detection method. The ERNN-RSOA 
algorithm helps in the spectrum sensing and sharing 
of the CRN network. The proposed method is coded 
in MATLAB and the performance is analyzed using 
performance metrics namely, Normalized Energy 
consumption, delay, SNR, Jitter, Blocking 
probability, convergence analysis and Throughput. 
The proposed method is compared with the existing 
methods such as ANN with RSOA and RNN with 
FA respectively. The proposed methodology has 
been validated by the primary condition, Q1>Q2 and 
Q1<Q2 are analyzed. Here, Q1 and Q2 are 
considered as the energy efficiency of different 
transmission conditions (data). Likewise, the 
secondary user, Q1>Q2 and Q1<Q2 are studied. The 
analysis has led to the best energy efficiency and 
spectrum sensing behaviours for the proposed 
methodology.  
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