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Abstract – Cognitive Radio Networks (CRNs) is a formidable evolution in wireless technology owing to its potentiality 

to resolve spectrum scarcity crisis. In CRNs, cognitive radio user’s sense idle spectrum as well as opportunistically entrée 

sensed spectrum devoid of approved users. The best spectrum is said to be selected opportunistically, shared with other 

users with no severity to licensed users. Many CRN devices that are fueled by battery possessing constrained energy 

capacity. Prevailing battery mechanisms yet couldn’t contribute CRN devices works for a long time. Therefore, 

conservation of energy is mandatory as far as routing in CRN is concerned. In this work a machine learning based method 

called, Regression Cooperative Spectrum Sensing and Gradient Flying Fox Route Optimization (RCSS-GFFRO) for 

energy and bandwidth aware data routing with spectrum utilization in CRNs is proposed. Protection of primary users (PUs) 

as well as optimization of secondary user (SU) transmission included in proposed method. In the proposed method a 

cooperative spectrum sensing using machine learning (ML) model called, Median Regression function is applied.  The 

Median Regression Cooperative Spectrum Sensing in our work with the bandwidth and energy efficiency ensures 

acceptable probability of interference to primary users due to secondary user’s access by measuring the relationship 

between bandwidth and energy efficiency simultaneously. Next, optimal route identification is performed using Gradient 

Flying Fox Route Optimization algorithm. By applying gradient optimization function minimizes the interference with 

primary users and increases secondary user performance via sensing time and transmission time parameters with higher 

routing performance. Simulation estimated with parameters. 

 

Keywords – Cognitive Radio Networks, Primary User, Secondary User, Median Regression, Flying Fox, Gradient 

Optimization. 

I. INTRODUCTION 

By advancements in Information & Communication Technologies (ICT), IoT made for validating prototypes in different 

filed diversified areas to name a few being, smart homes, smart cities, healthcare and so on.  A corresponding novel but 

extensively accepted and appropriated approach referred to CRN is evinced during discerning enhanced allocation of 

spectrum. Spectrum shortage used to allow SUs as well as unused spectrum assigned to PUs. Nevertheless, energy 

efficiency (EE) optimization has demanding issue for safeguarding PUs as of intervention.  

To lesser packet collision as well as E2D, Reinforcement Learning basis of routing for Cognitive Radio Network 

Internet of Things communication called, (RL-IoT Routing) was proposed in [1]. However, energy efficiency involved in 

routing was not focused. CRN parameters were enhanced in [2] by Enhanced Long Short-Term Memory (ELSTM-RPO). 

It ensures EF, throughput with minimal delay and improved detection ratio. However, the spectrum utilization efficiency 

was not focused by ELSTM model. 

Study focused on cooperative NOMA-basis of CCRN in [3]. But energy consumption was not reduced by NOMA-

based CCRN. Greatest network was chosen in [4] with Fuzzy Ant Colony Optimization basis of Multiple Scheduling 

Resource Selection Algorithm (FAMSRSA). Designed approach accessed the spectrum available to primary and secondary 

users. But the energy consumption was not reduced by FAMSRSA. 

CRN have pragmatic mechanism for circumventing spectrum inadequacy. However, overcoming several noises issues 

at radio setting are said to be found widely. With battery constrained sensors there still remains a major issue in addressing 

energy efficiency.  
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Multi-dimensional optimization utilized in [5] with ML that were not found to be easily addressed using traditional 

methods. Yet another method to address spectrum allocation employing ant colony optimization integrated with fuzzy rules 

and resource selection via multiple scheduling mechanisms was presented in [6]. However, it failed to consider data energy 

saving mechanism. To address on this issue, a permutation routing problem and multiple channel allocation was proposed 

in [7] with improved energy saving. Despite improvement in energy savings however lifetime was not improved. To 

enhance network lifetime, an adaptive clustering method employing clustering hierarchy was designed in [8]. By 

employing this adaptive clustering method resulted not only in network lifetime but also with minimal error.  

For addressing increased demand as far as wireless applications are concerned. Hence, there arise requirements for 

dynamic spectrum access as an efficient method to improve spectral efficiency.  

An energy harvesting algorithm employing Q learning and Reinforcement Learning was designed in [9]. Here the 

objective not only remained in spectrum sensing but also ensure route optimization therefore minimizing energy 

consumption with improved network lifetime. Yet another collaborative spectrum sensing method was proposed in [10] 

via time division scheduling therefore improving average throughput in an extensive manner. However, the throughput and 

energy efficiency were said to be compromised in case of weak signal environment. To focus on this aspect, three different 

statistical techniques were applied in [11] that in turn not only improved the signal noise error but also the energy efficiency 

results. An energy efficiency method employing convolution network and long short term was presented in [12] with 

improved workload offloading and resource allocation extensively.  

As far as novel technology applications are concerned, employing CRN not only address bandwidth scarcity but also 

fixed spectrum issues. Also CRN routing mechanisms frequently encounters with regard to topology changes and diversity 

of resources. CRN-basis of cross-layer routing scheme in [13]. An Artificial Intelligence based device to device 

communication method was proposed in [14] for efficient data transmission in CRN. Yet another reinforcement learning 

mechanism was presented in [15] with the objective of improving overall routing and network performance.  

 

Contributions of the Paper 

Though some research works focused on the energy efficiency aspect, but did not concentrated on the throughput part. 

Also some literatures though paid attention to end-to-end delay but compromised on the spectrum utilization efficiency in 

CRN. In order to overcome the existing issues, a Regression Cooperative Spectrum Sensing and Gradient Flying Fox Route 

Optimization (RCSS-GFFRO) is introduced with the following novel contributions, 

• To improve the spectrum utilization efficiency in CRN with minimal end-to-end delay, the RCSS-GFFRO method 

is designed based on two major processes namely cooperative spectrum sensing model and optimal route 

identification.   

• To ensure spectrum sensing, Median Regression Cooperative Spectrum Sensing model developed in cooperative 

fashion taking into considerations the energy and bandwidth efficiency separately. Single Median Regression 

function, a machine learning technique is applied for both minimizing energy efficiency and maximizing the 

spectrum utilization efficiency in a significant manner.  

• To reduce end-to-end delay and improve throughput, RCSS-GFFRO method uses gradient optimization function 

and applies it to the Flying Fox Route Optimization algorithm.  

• Finally, comprehensive experimental assessment is carried out with different types of performance metrics to 

illustrate the proposed RCSS-GFFRO method over conventional methods. 

 

Organization of the Work 

The rest of paper is arranged as follows: Related works are described in section 2. Section 3 illustrates elaborate description 

of the proposed RCSS-GFFRO. Experimentation setup explained in section 4 for RCSS-GFFRO as well as traditional 

methods by four distinct performance metrics. At last, Section 5 concludes the paper.  

 

II. RELATED WORKS 

Several spectrum resources are allocated and licensed owing to the swift evolution of wireless applications. However, there 

exists an extensive amount of valuable spectrum being unutilized that proposed spectrum scarcity using spectrum 

management practices. Spectrum utilization has demanding in wireless transportation. 

A multidimensional optimization method to ensure cooperative spectrum sensing was proposed in [16]. Also, machine 

learning based neural network was presented with the objective of ensuring robustness in spectrum sensing. Yet another 

non-orthogonal multiple access method employing blockchain mechanism was designed in [17] with improved bandwidth 

efficiency. A non-orthogonal multiple access employing energy efficiency all pass filter was designed in [18] with 

improved throughput and energy efficiency.  

Study focus on EE aspects in [19] with improved throughput by energy consumption optimization.  An energy efficient 

optimal routing method employing ensemble of particle swarm optimization and artificial bee colony was presented in 

[20]. By employing this ensemble techniques resulted in the improvement of network lifetime with minimal delay. 

A survey of communication model over CRN employing machine learning technique was investigated in [21]. Yet 

another energy efficiency mechanism employing ant colony distributed mechanism was presented in [22] to ensure energy 

efficiency. Network stability maintained in [23] with cognitive mechanism. A novel energy efficient mechanism based on 
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edge computing towards significant routing was presented in [24]. A multi hop routing clustering method was proposed in 

[25] using machine learning technique to ensure energy efficiency in an extensive manner.  

A time aware energy efficient mechanism employing minimum hop neighborhood recovery mechanism was proposed 

in [26] to focus on the routing delay and energy efficiency aspects. A distributed energy efficient clustering algorithm using 

fire fly optimization algorithm was designed in [27] to address on the issues of delay incurred during routing in CRN 

network. To ensure optimization and reliability chicken swarm optimization model was designed in along with deep belief 

network with the objective of optimizing spectrum sensing. A survey of routing algorithms in CRN was investigated in. 

An energy efficient optimization mechanism for multiuser CRN employing ensemble of optimization techniques was 

investigated in.  

Motivated by the above stated literature in this work, a novel energy efficient routing methods employing machine 

learning called, RCSS-GFFRO in CRN developed.  

 

III. PROPOSED RCSS-GFFRO 

RCSS-GFFRO is discussed with the objective of identifying energy and bandwidth efficient optimum routing results that 

lead to minimal end-to-end delay and improved spectrum utilization efficiency. This section first discusses the Median 

Regression Cooperative Spectrum Sensing. In the second part, optimum routing employing Gradient Flying Fox Route 

Optimization algorithm is designed.  

 

Median Regression Cooperative Spectrum Sensing 

Spectrum sensing has predominant characteristic of CRN. Secondary user has in position with idle channels of approved 

spectrum band opportunistically without getting by primary users. Channel (band) observed in absence of primary 

signal. The cooperative spectrum sensing employed in our work utilizes multiple antennas at each secondary user (SU) to 

enhance energy efficiency.  

In our proposed method is modeled as a regression problem, channel availability as well as non-availability. Energy 

efficiency (EE) and bandwidth efficient nodes estimated for finding position of channel using regression model. In this 

work a Machine Learning (ML) based regression model called Median Regression is employed for spectrum sensing.  

Goal of EE and bandwidth allocation for Cooperative Spectrum Sensing in a CRN using ML-based Median Regression 

is to make optimal utilization of the spectrum by allocating idle-free frequency bands to unlicensed users while 

minimizing interference in an energy-efficient manner. With aid of ML-based Median Regression, relationship between 

one or more variables is measured. Free band in the radio spectrum is detected so that the secondary users (SUs) transmit 

data without interfering with primary users (PUs). As both the energy efficiency and bandwidth availability results are 

employed the proposed model is called as Median Regression Cooperative Spectrum Sensing model.  

 

 
Fig 1. Structure of Median Regression Cooperative Spectrum Sensing. 

 

From Fig 1, spectrum-sharing scenario assumes wherein PUs comprises of ‘𝑃𝑇’, ‘𝑃𝑅’ primary transmitter as well as 

receiver.  SUs comprises of a ‘𝑆𝑇’, ‘𝑆𝑅’ secondary transmitter as well as receiver that are said to synchronize in the same 

frequency band. PU transmitter as well as receiver is ‘𝑃𝑇’, ‘𝑃𝑅’ synchronize by put ‘𝐾: 𝑘 = 1,2,3. . , 𝐾’. Secondary network 
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carry out in SUs opportunistic transmission at communal spectrum include ‘𝑆: 𝑠 = 1,2, … . , 𝑆’ Physical Resource Structures 

(PRSs). Channel State Information (CSI) is hypothesized by channel gains ‘𝐶𝐺𝑠,1, 𝐶𝐺𝑠,2, … , 𝐶𝐺𝑆,𝐾’.  

First, Bandwidth or Spectral efficiency in CRNs in our work is measured based on the amount of information 

transmitted between transmitter and receiver.  PRSs used for each ‘𝑆𝑈 𝑘’ broadcast data which transmission link has ‘𝑘 →
𝑠’.  

 𝐷𝑖𝑠𝑠𝑘 = √(𝑝𝑘 − 𝑝𝑠)2 + (𝑞𝑘 − 𝑞𝑠)2  (1) 

 

From the above mathematical formulate (1), Euclidean distance has ‘𝐷𝑖𝑠𝑠𝑘 with ‘𝑘 − 𝑡ℎ 𝑆𝑈’ as well as base station 

‘𝐵𝑆’ positioned in ‘𝑝𝑘 , 𝑞𝑘’ and ‘𝑝𝑠, 𝑞𝑠’. In order to design resource allocation pattern, probabilities of SUs accomplishing 

their communications improved. BS allocates fraction of ‘𝑃𝑅𝑆 𝑠’ fragment by optimal transmission power ‘𝑇𝑃𝑗𝑠’ directly 

managed via PUs’ behavior at SU. Then, bandwidth of ‘𝑘 − 𝑡ℎ 𝑆𝑈’ accessible to be ‘𝑃𝑅𝑆 𝑠’ is mathematically represented 

as given below. 

 𝐵𝐸𝑠𝑘 = log 2(1 + 𝛼𝑠𝑘)  (2) 

 

 𝛼𝑠𝑘 =
𝑇𝑃𝑠𝑘𝐶𝐺𝑠𝑘

𝛽2+𝛾𝑘
  (3) 

 

 𝛾𝑘 = 𝑇𝑃𝑠|𝐶𝐺𝑠𝑘|2  (4) 

 

From the above mathematical formulates (2), (3) and (4) ‘𝐵𝐸𝑠𝑘’ denotes the Shannon Bandwidth efficiency ‘𝐵𝐸𝑠𝑘’ 

with ‘𝛼𝑠𝑘’ representing the noise ratio obtained via transmission power ‘𝑇𝑃𝑠𝑘’, channel gain ‘𝐶𝐺𝑠𝑘’, noise spectral density 

‘𝛽2’ and interference occurred due to concurrent transmission ‘𝛾𝑘’ respectively. Energy availability niche: Initially SU 

enters the energy availability niche in which the ST acquires energy for a time span ‘𝐷𝑢𝑟 − 𝑡’ and the available energy is 

mathematically represented as given below.  

 

 𝐸𝑎𝑣𝑎𝑖𝑙 = 𝐶𝐺𝑃𝑇→𝑆𝑇𝑇𝑃𝑃𝑇(𝐷𝑢𝑟 − 𝑡)  (5) 

 

From the above mathematical formulate (5), energy availability efficiency of ST ‘𝐸𝑎𝑣𝑎𝑖𝑙’ is obtained, channel gain of 

energy as of primary to secondary transmitter is ‘𝐶𝐺𝑃𝑇→𝑆𝑇’, constant transmission power of primary transmitter ‘𝑇𝑃𝑃𝑇’ for 

a time span ‘𝐷𝑢𝑟 − 𝑡’. Second, ‘ST’ convey information bits to ‘SR’ with the assumption that the energy consumed by 

‘ST’ does not exceed available energy ‘𝐸𝑎𝑣𝑎𝑖𝑙’ and initial energy ‘𝐸𝑖𝑛𝑖𝑡’ as given below.  

 

 𝑇𝑃𝑆𝑇𝑃𝐶𝑆𝑇 ≤ 𝐸𝑎𝑣𝑎𝑖𝑙 + 𝐸𝑖𝑛𝑖𝑡   (6) 

 

From the above mathematical formulate (6) ‘𝑇𝑃𝑆𝑇’ and ‘𝑃𝐶𝑆𝑇’ denotes the transmission power and power consumption 

of secondary transmitter ‘ST’. Then the feasible throughput ‘𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡’ of secondary transmitter ‘ST’ is mathematically 

represented as given below. 

 

 𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡(𝑡, 𝑇𝑃𝑆𝑇) = 𝑡𝑙𝑜𝑔2 (1 +
𝑇𝑃𝑆𝑇𝐶𝐺𝑆𝑇→𝑆𝑅

𝑇𝑃𝑃𝑇𝐶𝐺𝑃𝑇→𝑆𝑅+𝛿2)  (7)

  

Subject to 𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡(𝑡, 𝑇𝑃𝑆𝑇)  ≥ 𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡𝑚𝑖𝑛  

From the above mathematical formulate (7), ‘𝐶𝐺𝑆𝑇→𝑆𝑅’ and ‘𝐶𝐺𝑃𝑇→𝑆𝑅’ refers to channel gain as of ‘ST’ to ‘SR’ as well 

as ‘𝑃𝑇’ to ‘SR’. Then the energy efficiency function is formulated as given below. 

 

 𝑓𝑢𝑛: max
𝑡,𝑇𝑃𝑆𝑇

𝐸𝐸(𝑡, 𝑇𝑃𝑆𝑇) =
𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡(𝑡,𝑇𝑃𝑆𝑇)

𝑇𝑃𝑆𝑇𝑃𝐶𝑆𝑇
  (8) 

 

From the above mathematical formulate (8) the energy efficient maximization results ‘ max
𝑡,𝑇𝑃𝑆𝑇

𝐸𝐸(𝑡, 𝑇𝑃𝑆𝑇)’ are obtained 

for the proposed method. Finally, employing Single Median Regression function, a machine learning technique is employed 

in measuring the relationship between one or more variables (i.e. bandwidth or spectral efficiency and energy efficiency 

results). By employing Single Median Regression function identifying higher energy efficiency and bandwidth efficient 

nodes is obtained.  Assuming that the independent variables ‘𝐸𝐸1
𝑖(𝑃𝑈1), 𝐸𝐸2

𝑖 (𝑃𝑈2), … . , 𝐸𝐸𝑎
𝑖 (𝑃𝑈𝑚)’ and the models 

parameters ‘ 𝐵𝐸𝑠𝑘(𝑆𝑈1), 𝐵𝐸𝑠𝑘(𝑆𝑈2), … , 𝐵𝐸𝑠𝑘(𝑆𝑈𝑛) ’, then the spectrum efficient prediction results is mathematically 

expressed as given below. 

 

 𝑅𝑒𝑠𝑖 = 𝑚𝑎𝑥 ∑ 𝐵𝐸𝑠𝑘 ∗ 𝐸𝐸𝑎
𝑖   (9) 

 

From the above mathematical formulate (9), spectrum efficient prediction results ‘𝑅𝑒𝑠𝑖’ are arrived at based on the 

higher energy efficiency and bandwidth nodes with which different route paths are said to be further discovered in the 
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optimal routing model in the next subsection. The pseudo code representation of Median Regression Cooperative Spectrum 

Sensing is given below.  

 

 
 

As stated in the above algorithm the entire pseudo code representation is split into two parts, one for measuring 

bandwidth or spectral efficiency and the other for measuring energy efficiency separately and then combining both 

employing median regression. First, for each ‘𝑆𝑈 𝑘’ transmits data through Physical Resource Structures (PRSs) ‘𝑃𝑅𝑆 𝑠’ 

Shannon Bandwidth efficiency is measured. Second, energy efficiency function is derived based on the energy availability 

niche function. Finally, spectrum efficient prediction results are arrived at using Median Regression function. This in turn 

aids in minimizing energy consumption with improved spectrum utilization efficiency.  

 

Gradient Flying Fox Route Optimization  

As far as cognitive radio network (CRN) is concerned, routing refers to the procedure of ascertaining the path data packets 

take to travel between source and destination node. Routing is predominant for reliable and efficient communication in 

CRNs that functions in dynamic environments where channel conditions, topology and spectrum availability transpose 

suddenly. Hence, in this section to minimize end-to-end delay and improve throughput while ascertaining the path data 

packets take to travel between source and destination node, a Gradient Flying Fox Route Optimization algorithm is 

presented.  Fig 2 shows the flow structure of Gradient Flying Fox Route Optimization model. 

Gradient Flying Fox Route Optimization algorithm employed in Fig 2  in our work adapt to changing conditions and 

identify optimal routing solutions by simulating survival strategy of flying foxes. For spirited convergence speed by 

imparting local as well as global exploration, Gradient Flying Fox Route Optimization algorithm utilized in proposed 

method with improving overall throughput. It comprises movement of CRN nodes due to topology change and optimal 

identification of route data packets to travel between source and destination node.  

 

Migratory Behaviors of CRN Nodes Due To Topology Change  

Flying fox character (i.e., CRN nodes consisting of PT/PR and ST/SR) ‘𝐶𝑅𝑁𝑖’ has far as of optimal result in population. 

However, flying fox has probability to fly (move) to location of perfect solution, then, migration result is mathematically 

formulated as given below.  

 

𝑌𝑖𝑗
𝑡+1 = 𝑌𝑖𝑗

𝑡 + 𝐶𝑜𝑛𝑠𝑡 ∗ 𝑟𝑎𝑛𝑑 (𝐶𝑃𝑖𝑗
𝑡 − 𝑌𝑖𝑗

𝑡 )                                                     (10) 

From the above mathematical formulate (10), ‘𝑌𝑖𝑗
𝑡 ’ denotes the ‘𝑗 − 𝑡ℎ’ node of the flying fox (i.e. either primary or 

secondary transmitter or receiver) individual ‘𝑖’ in the ‘𝑡 − 𝑡ℎ’ iteration and ‘𝐶𝑃𝑖𝑗
𝑡 ’ represents the ‘𝑗 − 𝑡ℎ’ node current 

path corresponding to individual ‘𝑖’, constant ‘𝐶𝑜𝑛𝑠𝑡’ and random ‘𝑟𝑎𝑛𝑑’ respectively. When CRN nodes nearer toward 

best route, then other adjacent CRN nodes are also searched with the intent of avoid congestion and in case performs 

migration as mathematically given below.  

 

 𝑁𝑌𝑖𝑗
𝑡+1 = 𝑌𝑖𝑗

𝑡 + 𝑅𝑎𝑛𝑑1𝑗 ∗ (𝐶𝑃𝑖𝑗 − 𝑌𝑖𝑗
𝑡 ) + 𝑅𝑎𝑛𝑑2𝑗 ∗ (𝑌𝐶𝑅𝑁1𝑗

𝑡 − 𝑌𝐶𝑅𝑁2𝑗

𝑡 ) , 𝐶𝑅𝑁 ∈ 𝑃𝑈, 𝑆𝑈  (11) 

 𝑌𝑖𝑗
𝑡+1 = {

𝑁𝑌𝑖𝑗
𝑡+1, 𝑖𝑓𝑅𝑎𝑛𝑑3𝑗 ≥ 𝑃𝑇 

𝑌𝑖𝑗
𝑡 , 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

  (12) 
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Fig 2. Flow Structure of Gradient Flying Fox Route Optimization. 

 

From the above mathematical formulates (11) and (12), ‘𝑅𝑎𝑛𝑑1𝑗’, ‘𝑅𝑎𝑛𝑑2𝑗’ and ‘𝑅𝑎𝑛𝑑3𝑗’ is distributed between ‘0’ 

and ‘1’, conditional checking made with probability threshold ‘𝑃𝑇’ for corresponding two arbitrarily selected CRN nodes 

‘𝑌𝐶𝑅𝑁1𝑗

𝑡 ’, ‘𝑌𝐶𝑅𝑁2𝑗

𝑡 ’. The above process is generated in such a manner that the original CRN node ‘𝑖’ is not same as the newly 

evolved CNR node, hence ensuring the probability of exploring other locations or paths.  

 

Optimal Route Identification  

With the intent of identifying path data packets, two CRN nodes ‘𝐶𝑅𝑁1’ and ‘𝐶𝑅𝑁2’ are selected arbitrarily to cross over 

for generating offspring ‘𝑂𝑆’ to fine tune the CRN nodes already allocated with the path. The resulting mathematical 

expression is formulated as given below.  

 

 𝑂𝑆1 = 𝑅𝑁 ∗ 𝐶𝑅𝑁1 + (1 − 𝑅𝑁) ∗ 𝐶𝑅𝑁2  (13) 

 

 𝑂𝑆2 = 𝑅𝑁 ∗ 𝐶𝑅𝑁2 + (1 − 𝑅𝑁) ∗ 𝐶𝑅𝑁1 (14) 

 

From the above mathematical formulates (13) and (14) offspring ‘𝑂𝑆1’ or ‘𝑂𝑆2’ (i.e., new solutions or new paths data 

packets for travelling among source as well as destination node selected in an optimal manner).  In our work, offspring or 

new paths data packets arrived at based on the sensing time and transmission time. In the proposed model two periods, i.e., 

sensing time ‘𝑆𝑇’ (i.e. based on sensing period) and transmission time ‘𝑇𝑇’ (i.e. based on transmission period) are 

considered and also synchronized slotted framework with normalized length ‘𝑆𝑇 + 𝑇𝑇 = 1’ is applied. Then, the gradient 

optimization function employing sensing and transmission time is mathematically stated as given below.  

 

 
𝜕

𝜕𝑇
log 𝐿(𝑇), 𝑤ℎ𝑒𝑟𝑒 𝑇 = 𝑆𝑇 + 𝑇𝑇  [𝑐𝑜𝑚𝑝𝑢𝑡𝑒 𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡 𝑜𝑓 log 𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑] (15) 

 

 𝑇′ = 𝑇′ +
𝜕

𝜕𝑇
log 𝐿(𝑇) [𝑢𝑝𝑑𝑎𝑡𝑒 ]  (16) 

From the above equations (15) and (16) employing gradient optimization function the sensing and transmission time 

are computed and followed by which updates are made accordingly. ‘𝑛’ pairs of SUs perform separately spectrum sensing 

for identifying primary signal by approved spectrum, through sensing time. In both time iteration, certified spectrum 

switches arbitrarily among free-state ‘𝑓𝑠’ as well as occupied-state ‘𝑜𝑠’. Possibility of approved spectrum has ‘𝑜𝑐’ denoted 

as ‘𝑃𝑟𝑜𝑏𝑜𝑠’ and ‘𝑓𝑠’ has denoted as ‘𝑃𝑟𝑜𝑏𝑓𝑠’ respectively.  When received transmit data packets indicate ‘𝑅𝑒𝑠𝑖 ’, to 

secondary receiver through transmission era therefore ensuring optimal routing. The pseudo code representation of 

Gradient Flying Fox Route Optimization is given below.  
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As given in the above Gradient Flying Fox Route Optimization algorithm, the overall process is split into two parts. 

First, using Flying Fox Route Optimization migratory behaviors of CNR nodes due to topology change is observed. 

Gradient optimization function used to optimal route identification involving sensing and transmission time. This in turn 

assists in improving routing performance in CRNs with minimal end-to-end delay and improving overall throughput.  

 

IV. RESULTS 

Experimental results created in NS-3 simulator. Assume population size has 10, as well as entire run has 50. RCSS-GFFRO, 

traditional RL-IoT Routing [1] and ELSTM-RPO [2] discussed with several metrics. Network metrics described in Table 

1 to estimate experiments. 

 

End-to-End Delay (E2E) 

It defines to total time consume for data packet toward journey between source and destination, confining all hops and 

probable delays experienced with the CRN, inclusive of queuing delays, sensing delays, transmission delays and 

propagation delays caused by the arbitrary nature of spectrum access in a cognitive radio environment. 

 

 𝐸2𝐸 = 𝑃𝑈_𝑀𝐴𝑅[𝑄𝐷 + 𝑆𝐷 + 𝑇𝐷 + 𝑃𝐷]  (17) 

 

Table 1. Simulation Parameters 

 
 

Where, queuing, sensing, transmission, propagation delays are ‘𝑄𝐷’, ‘𝑆𝐷’, ‘𝑇𝐷’ and ‘𝑃𝐷’, ‘𝑃𝑈_𝑀𝐴𝑅’ represents PU 

mean arrival rate. E2E outcome are given in Table 2 by applying equation (17). 
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Table 2. Tabulation for E2E using RCSS-GFFRO, RL-IoT Routing [1] and ELSTM-RPO [2] 

 
 

E2E using proposed RCSS-GFFRO for the CRN and two existing methods, RL-IoT Routing [1] and ELSTM-RPO [2] 

illustrated in Fig 3. PU mean arrival rate indicated in Here horizontal axis, whereas vertical axis denotes E2E. Two 

inferences are made from the above pictorial representation. First, the end-to-end delay analyses results were neither found 

to be inversely or directly proportional to the PU mean arrival rate, in other words, increasing the PU mean arrival rate did 

neither increased nor decreased the end-to-end delay. The reason for the minimization of end-to-end delay using the 

proposed RCSS-GFFRO method was due to the application of Gradient Flying Fox Route Optimization algorithm. By 

applying this algorithm the migratory behaviors of CNR nodes due to topology change were initially observed. Followed 

by which identification of optimal routes towards data packet transmission was made between source and destination node 

using gradient optimization function. This in turn minimized end-to-end delay across the entire CRN network was reduced 

using proposed RCSS-GFFRO with 10% as well as 16% over [1], [2].  

 

 
Fig 3. E2E. 

 

Throughput Analysis 

Throughput analysis (Th) in CRN refers to the procedure of assessing and measuring the data transmission rate (throughput) 

within a CRN. It is analyzing how effectively SUs be able to employ spectrum related to PUs while reducing interference, 

taking into considerations like, spectrum sensing performance and routing allocation strategies.  ‘𝑇ℎ’ estimated as given 

below. 

 𝑇ℎ =
𝑛

𝐶𝑅𝑁𝑎𝑣𝑔
  (18) 

From (18) ‘𝑛’ is number of sent bits per n data bit and average population size in CRN ‘𝐶𝑅𝑁𝑎𝑣𝑔’ including both ‘𝑃𝑈’ 

and ‘𝑆𝑈’ respectively. The results of throughput analysis by applying equation (18) are given in Table 3. 

Table 3 and Fig 4 given above shows the graphical representation of throughput with respect to 50 numbers of 

iterations performed using the three methods, RCSS-GFFRO, RL-IoT Routing [1] and ELSTM-RPO [2] respectively. From 

the above graphical representation for the first 15 iterations, the throughput was found to be high using all the three methods 

whereas a dip in throughput was observed for the next 5 iterations, next increased for the 15 iterations and so on. However, 

simulations performed for the first 5 iteration, the throughput using RCSS-GFFRO method was observed to be 4200 bps, 

whereas using [1] and [2] it was found to be 3700bps and 3500bps respectively. 
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Table 4. Tabulation for Throughput Analysis using RCSS-GFFRO, RL-IoT Routing [1] and ELSTM-RPO [2] 

 
 

 
Fig 4. Throughput Analysis. 

 

Contrary to conventional [1], [2], RCSS-GFFRO of throughput has better. By Gradient Flying Fox Route Optimization 

model, initially, the migratory behaviors of CRN nodes owing to the change observed in topology were observed. Followed 

by which optimal identification of route was measured using gradient of likelihood function. Throughput using RCSS-

GFFRO improved by 11% and 16% than [1], [2].  

 

Energy Efficiency (EE) 

Energy efficiency analysis in CRN refers to the procedure of measuring how efficiently a CRN uses energy while 

maintaining optimal spectrum utilization and making cooperative decision between secondary users (SUs) to minimize 

unnecessary energy expenditure. The energy efficiency analysis is mathematically represented as given below. 

 

 𝐸𝐸 = 𝐸𝑆𝑆 + (𝑉0 + 𝑉1)𝐸𝐷𝑇  (19) 

 

From the above equation (19) ‘𝐸𝑆𝑆’ and ‘𝐸𝐷𝑇’, is energy required for spectrum sensing as well as information broadcast. 

Licensed spectrum not utilized by the primary user ‘𝑉0’ and licensed spectrum utilized by the primary user ‘𝑉1’ respectively. 

The results of energy efficiency analysis by applying equation (19) are given in Table 4. 

The performance of energy efficiency (vertical axis) for fifty different numbers of iterations (horizontal axis) has been 

analyzed and is shown in Fig 5 using the three methods, RCSS-GFFRO, RL-IoT Routing [1] and ELSTM-RPO [2]. As 

shown in the above figure the RCSS-GFFRO method energy efficiency is comparatively better to other methods [1] and 

[2]. This is evident from the simulation with 5 numbers of iterations where the energy efficiency using RCSS-GFFRO 

method was observed to be 5.15 whereas the energy efficiency for [1] and [2] was found to be 5.45 and 5.66 respectively. 

With this inference the energy efficiency of RCSS-GFFRO was observed to be better than [1] and [2]. The reason was due 

to the application of Median Regression Cooperative Spectrum Sensing algorithm. By applying this algorithm two 

important factors, bandwidth or spectral efficiency energy efficiency while performing cooperative spectrum sensing were 

measured separately. Followed by which the two factors were combined using median regression function. RCSS-GFFRO 

of EE enhanced with 11% and 16% than [1], [2].  
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Table 4. Tabulation for Energy Effciency Analysis using RCSS-GFFRO, RL-IoT Routing [1] and ELSTM- RPO [2] 

 
 

 
Fig 5. Energy Effciency Analysis. 

 

Spectrum Utilization Efficiency Analysis  

As far as CRN is concerned spectrum utilization efficiency refers to the potentiality of secondary users (SUs) to efficiently 

utilize unoccupied portions of the spectrum belonging to primary users (PUs), hence improving the overall data 

transmission while reducing interference to the primary user, hence arriving at optimal utilization of available and 

accessible radio spectrum. The results of spectrum utilization efficiency analysis are given in Table 5. 

 

Table 5. Tabulation for Spectrum Utilization Efficiency using RCSS-GFFRO, RL-IoT Routing [1] and                 

ELSTM- RPO [2] 
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Fig 6. Spectrum Utilization Efficiency. 

 

Finally Fig 6 given above shows the spectrum utilization efficiency results using the proposed RCSS-GFFRO and two 

existing methods RL-IoT Routing [1] and ELSTM-RPO [2]. For first set of 35 users a down trend was observed for the 

spectrum utilization efficiency results however an increasing trend was observed for the result of 15 users. This 

corroborates the objective that even though users enhances in CRN network there was not compromise in the spectrum 

utilization efficiency results. The reason behind improvement in spectrum utilization efficiency results employs Median 

Regression Cooperative Spectrum Sensing. Shannon Bandwidth efficiency was applied and followed by which energy 

efficient maximization results were obtained separately. Finally, a machine learning technique employing Single Median 

Regression function was applied to combine the two metrics. This in turn improved the overall spectrum utilization 

efficiency results of the proposed RCSS-GFFRO with 6% and 21% than [1], [2]. 

 

V. CONCLUSION   

Selecting spectrum efficient routing in CRN maximize overall network throughput while reducing interference with 

licensed primary users (PUs), efficiently using the available spectrum significantly. Recently, many spectrum efficient 

routing algorithms have been developed to ensure throughput efficient data transmission in CRN. In this work a suitable 

Regression Cooperative Spectrum Sensing and Gradient Flying Fox Route Optimization (RCSS-GFFRO) for minimum 

end-to-end delay and improved spectrum utilization efficiency is developed. First, a machine learning technique based 

Median Regression Cooperative Spectrum Sensing is applied with bandwidth and energy efficiency measures with minimal 

probability of interference to primary users by evaluating relationship between bandwidth and energy efficiency 

simultaneously. Second, identification of optimal route is made employing Gradient Flying Fox Route Optimization 

algorithm that in turn reduces the interference with primary users and increases secondary user performance via sensing 

time and transmission time.  A comprehensive experimental evaluation is performed using diversified performance metrics 

with respect to the distinct numbers of users and PU mean arrival rate. Contrary to state-of-art-works, overall performance 

results illustrate that presented RCSS-GFFRO method achieves higher spectrum utilization efficiency. 
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