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Abstract 

The IEEE 802.22 standard's main objective is to identify vacant GSM band 

frequencies and utilize them for both rural and urban  broad band wireless 

connections. The purpose of CR is to create and develop techniques for 

measuring and comparing secondary users' spectrum usage using linear 

sensing of cooperative spectrum technique. The primary beneficiaries of 

cognitive radio networks are secondary users (SU). For cognitive radio, 

spectrum sensing is necessary. A simulation approach for spectrum sensing 

technologies was proposed to verify compliance with IEEE 802.22 standards. 

Numerous simulated scenarios were used to investigate single units (local 

sensing) and multiple SU's as spectrographic sensing systems in this research 

(Cooperatively). The simulation was utilized to mimic the detection 

performance properly. These findings provide the groundwork for developing a 

local sensing method based on energy detection and cooperative sensing 

through machine learning for the GSM 900/1800 Frequency Bands. The 

simulation results demonstrate how a strategic interaction among SUs can be 

achieved. 
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Introduction 

Like an intelligent radio, cognitive radio can be configured and dynamically 

programmed. Its receiver uses the best wireless channels available. This radio 

adjusts its broadcast and reception settings to accommodate more concurrent 

wireless connections within a particular frequency band (Lee et al., 2021). 

Dynamic spectrum management is a technique for regulating the behaviour of 

a dynamic spectrum. Cognitive radio is a sort of intelligent radio that can be 

designed and modified dynamically. The transceiver is designed to use the most 

acceptable wireless channels in the area. This type of radio automates the 

detection of available channels in the wireless spectrum. It changes its broadcast 

and reception settings to allow for additional wireless conversations at one 

location in a given frequency band. This is a dynamic method of spectrum 

management. Configuring radio system settings cognitively in response to an 

operator instruction is a critical capability of the cognitive engine. The 

parameters "waveform, protocol, operating frequency, and networking" are 

included in this setup. The objective is to broadcast environmental signals to the 

network connections and networks with which it interacts (CRs). In addition to 

controlling radio outputs, a CR continually monitors its performance and allows 

it to detect, other users in the RF environment, channel conditions and 

connection performance for the radio and then appropriately adjust radio 

settings. The proposed "smart radio" technologies used GSM 900/1800, which 

dynamically modifies the frequency range in which messages are sent, and 

software-defined radio, which dynamically changes the protocol in which 

messages are sent. 

The cognitive engine is capable of altering radio settings in response to operator 

commands. Waveform, protocol, operational frequency, and networking are all 

discussed in addition to the foregoing. Unless information about its environment 

is shared with access and other cognitive radios in a communication context, it 

is self-contained (CRs). The CR stated that the performance is still being 

monitored. It then uses this data, along with the radio outputs, to recognize the 

radio environment, channel circumstances, and connection performance. It 

modifies radio parameters to offer the required level of service while taking into 

account the right mix of operational restrictions and user demand (Ali & 

Hamouda, 2016; Balaji et al., 2015). This study's main contribution is as 

follows: 
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• The simulation scenario for the spectrum sensing technique was created 

following IEEE 802.22 for the GSM 900/1800 Frequency Band. 

• The local sensing stage—the cooperative spectrum sensing (CSS) 

phase—uses energy detection to scan the whole available channel range 

of 900MHz-1800MHz. 

• The proposed algorithm's performance was assessed using the likelihood 

of detection and the fake alarm rate. The secondary users throughout the 

simulation run are deemed non-stationary. 

 

Working of the Cognitive Radio 

The primary users are those who are licensed to utilize the spectrum portion. 

Secondary users may occupy the primary users' free band. These underutilized 

portions of the primary user spectrum are known as spectrum holes. The 

cognitive radio's primary functions are: 

i. Spectrum sensing 

ii. Decision on spectrum holes 

iii. Sharing of spectrum 

 

The ability to evaluate variables such as radio channels, spectrum, power 

availability, the operational environment, user requirements and applications, 

local laws, and other operational limitations is the most critical aspect of the 

cognitive radio concept (Gupta & Kumar, 2019). 

 

Spectrum Sensing 

In cognitive radio, spectrum sensing is the beginning of an active message 

scanned by radio from a part of a frequency spectrum (Althunibat et al., 2015; 

Hossain et al., 2021). The sensing of the spectrum is an essential element of the 

cognitive radio technology, which are: 

1. Spectrum breach identification 

2. Detect disturbance with primary user signal and vacate frequency 

immediately. 

 

Spectrum Sensing Techniques 

In reality, spectrum sensing is complex since the channel from the main to the 

secondary user was poor due to shadows and timing differences in multipath. 
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Consequently, the detection of the primary user based on a secondary user's 

observation may not be adequate, particularly in low SNR circumstances. 

The following procedures are utilised in sensing the spectrum[7] 

1. Detection of the transmitter 

2. Cooperative detection 

3. Detection of temperature interference by the transmitter 

4. Channel estimation detection: Channel estimation recognition implies 

that the signal matches to increase the processing performance and 

improve detection performance. 

5. Power detection: The static decision follows chi-square alarm 

distribution and the likelihood of detection. 

6. Methods of cyclostationary detection: modulation of signal and 

connection to sinus carriers hope sequencing and cyclical prefixes. 

 

Spectrum sensing Methods  

Standalone Sensing: In standalone sensing, each node detects the power of 

spectral density and determines the accessibility of spectrum for secondary user 

transmissions. 

Cooperative sensing: A cognitive radio channel is created in cooperative 

sensing. They decide independently on the availability of the spectrum and 

share their expertise. A central node then determines the level of spectrum using 

information from all nodes. Cooperative sensing has the following benefits: 

1. The issue of concealed nodes can be solved 

2. The problem of deteriorating signal-to-noise ratio was addressed 

3. The time needed for the primary signal detection was decreased 

4. Confidence in detecting information is enhanced 

 

Simulation of Cognitive Radio Networks 

Modelling and simulation are the only paradigms that enable the modelling of 

complicated cognitive radio network settings[8]. A cognitive radio network was 

simulated using network simulators like OPNET, MATLAB, Net Sim, or MS2. 

Network simulator research areas include: 

a) Spectrum sensing 

b) Allocation of spectrum 

c) Spectrum use measurement and modelling 
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Spectrum sensing can also be simulated for the cognitive radio network using 

MATLAB. Authors have utilized the "cooperative spectrum sensing" method 

in which individual nodes utilize energy-sensing to decide locally on the 

primary user's presence (PU). Based on local choices, the Fusion Center makes 

a final decision on the primary user's presence. Key concepts in this regard are 

explained next. 

 

Concepts in Cooperative Spectrum Sensing 

1. Models of cooperation include modelling the spectacular cooperation of 

CR users. We explore the latest theoretical models and the most popular 

parallel fusion network models. 

2. Methods for sensing the RF environment, monitoring samples and 

applying signal processing to detect the PU signal or available spectrum. 

The selection of the sensing procedure affects the collaboration of CR 

users. 

3. Hypothesis testing is a technique to evaluate if a PU is present or not. Each 

collaborating user may do this test independently for local choices or the 

fusion centre for cooperative decisions. 

4. Control channel The sensing findings acquired by collaborating CR users 

were effectively and reliably sent through a bandwidth-restricted and 

fading vulnerable control channel to the centre of the fusion  

5. fusion of Data is a procedure that combines the reported or shared results 

of the joint decision. For example, the sensing results were combined using 

signal combining techniques or fusion rules depending on their data. 

7. User selection discuss how best to collaborate with Cognitive radio 

users and how the proper basis for cooperation can enhance the 

cooperative benefit and decrease overhead operations. 

8. Knowledge base- The Data stored across the knowledge base improves 

directional performance via the cooperative sensing mechanism. The 

knowledge base is either previous knowledge or knowledge acquired 

through experience. 
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Figure 1: Sensing Cooperative 

 

Machine Learning: These constitute the most common cooperative sensing 

algorithm. Machine learning methods complete the job of cognitive radio since 

they include the learning necessary for cognitive radio. 

Learning has been observed or not, as shown in Figure 2. Cognitive radios 

operating in foreign RF environments were particularly suited to uncontrolled 

learning. However, the CR may employ learning techniques to apply this 

knowledge if it has prior information about the surroundings. Machine learning 

assists in resolving two major CR problems: decision-making and classification 

of features. Label data training is required for supervised algorithms. Increased 

learning is a technique that enables an agent to alter his or her behaviour. In this 

instance, the sole source of information is the agent's feedback after acting upon 

its surroundings. The RL is characterized by two key features: trials/error and 

late payoff. 
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Figure 2: Stages of Learning 

  

Artificial Neural Network: The ANN was inspired by realizing that humans 

compute digital convectional computers entirely differently. The advantage of 

employing MFNNs is that they offer a generic black-boxing performance 

modelling based on the measurements gathered by the CR; furthermore, a CR 

may acquire and update this characterization in run-time, thus attaining a certain 

degree of learning capacity. 

  

Review of Related Works 

Cooperative spectrum sensing (CSS), as opposed to traditional single-user 

sensing, takes advantage of multiuser diversity to solve channel fading, 

shadowing, and concealed terminal issues, resulting in improved sensing 

performance and the protection of licensed users from harmful interference. 

CSS, on the other hand, increases cooperative overhead for a large number of 

sensing nodes that require high bandwidth of the control channel for data 

transmission. To address this issue, Fu et al. (2018) looked at the soft decision 

fusion approach when the control channel's bandwidth was limited, and we 

presented a simple quantization-based multibit data soft fusion rule for CSS, 

which has a basic structure and is easy to apply. Each cooperative secondary 

user (SU) uses an energy detector for local spectrum sensing in the quantization-

based sensing technique. Instead of sending local one-bit hard decision 
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outcomes or original observation statistics to the fusion centre, each SU sends 

quantized multibit data that sends local sensing information (FC). The closed-

form formulas of the quantization levels and quantization thresholds are also 

derived analytically. Simulation findings show that the suggested method 

outperforms hard decision rules and approaches the detection performance of a 

standard soft fusion rule with reduced cooperative overhead. Multibit 

quantization fusion also delivers a suitable compromise between sensing speed 

and control channel overhead for CSS, according to extensive simulations. 

Clement (2018) reduces the impact of hostile cognitive sensors when combining 

cooperative spectrum sensing schemes in the best possible way. We analyze the 

CRN, which consists of honest cognitive sensors and hostile cognitive sensors; 

the former reports accurate sensing data to the combining centre (CC), whereas 

the latter, due to malfunction, transmits false data with a different statistical 

distribution to the CC. At CC, the sensing system incorporates the Shapiro–

normality Wilk's test and the log-likelihood ratio test, which are both combined 

two-stage tests. The former is used to identify hostile cognitive sensors and to 

keep them out of the latter, which optimally integrates honest cognitive sensors 

sensing data. When four hostile cognitive sensors are present in a CRN, 

simulation results demonstrate that the suggested method outperforms the fault-

tolerant cooperative spectrum sensing method by 44.9%.  

For energy detection based cooperative spectrum sensing system in cognitive 

radio networks, Chakraborty et al. (2019) developed a new notion of non-

uniform quantized data fusion (N-QDF) rule that reduces control channel data 

overhead. The network must allow softening hard or quantized data fusion 

(QDF) technique to find a compromise between efficient detection performance 

and less complexity, even though this strategy incurs a few bit overhead on the 

control channel from each user. Lower bit QDF causes more information to be 

lost, but higher bit QDF increases detection likelihood at the cost of a few 

additional bits per user. The beauty of the NQDF system is that it uses a variable 

number of bits: more bits for lower energy regions increase detection 

probability for a given false alarm, while fewerfewer bits for higher energy 

regions save data rate, which reduces control channel overhead. The authors 

conducted a comprehensive simulation analysis in which the performance of 

the variable bit NQDF scheme was compared to that of different uniform bit 



SSAAR (JASOR); Journal of              March, 2022 
Advanced Science &Optimization Research  

 

 

273 | P a g e  

 

 

Editions 

schemes such as 2, 3, 4, and 5 QDF with regard to various parameters in order 

to validate our proposed scheme.  

Jin et al. (2019) introduced a cooperative spectrum sensing (CSS) based on a 

hidden Markov model (HMM) that predicts the state of a network environment. 

Traditional cooperative spectrum sensing prediction techniques presume that all 

CR nodes share the same network environment. Traditional techniques, on the 

other hand, will result in low forecast accuracy in a complex radio environment 

since the channel availability of distinct CR nodes can be extremely varied. The 

suggested methods learn from previous spectrum sensing findings and assist the 

network in making a spectrum sensing decision that is energy efficient. More 

specifically, HMM's hidden state is assigned to several places where primary 

users (PUs) conduct various tasks. The parameters of the HMM are estimated 

using a Baum-Welch (BW) algorithm based on previous spectrum sensing data, 

and the parameters are then fed into a forward algorithm for anticipating PU 

activity. Secondary users (SUs) are classed as "interfered by PU" or "not 

interfered by PU" based on the prediction. Spectrum sensing will not be 

performed on nodes marked as "interfered by PU" in order to save energy. 

Simulations under various traffic circumstances are used to assess the suggested 

method's performance. The simulation findings showed that, when compared to 

traditional HMM-based approaches, the suggested algorithm enhanced energy 

efficiency and spectrum utilization by roughly 13% and 15%, respectively, 

when compared to conventional HMM-based methods. 

Ning et al. (2020) suggested an RL-assisted cooperative spectrum sensing 

scheme for secondary users (SUs) to establish channel scanning order and 

partner selection for cooperative spectrum sensing. Each SU learns the 

occupancy pattern of the principal channels using the Q-learning approach, 

generating a dynamic scanning preference list that reduces scanning overhead 

and access time. A discounted upper confidence bound based cooperation 

partner selection algorithm is devised to improve detection efficiency in 

dynamic environments, in which each SU learns the time-varying detection 

probability of its neighbours and selects the one with the potentially highest 

detection probability as the cooperation partner. The suggested cooperative 

spectrum sensing technique yields a considerable performance boost, according 

to simulation results in comparison to reference algorithms. 
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Materials and Method 

Suppose that two wireless networks are built consisting of a primary network 

(PN) and a secondary network (SN), a leading one and a secondary one. A PN 

with a single primary connecting channel shares with SN at a given time with 

the standard underlying DSA technology. N SU's operate at a secondary base 

station on a random basis (SBS). The AMC system is used to communicate all 

the secondary and primary connections. Each SU adjusts its transmission 

settings to fulfil the PU and other SU interference needs. The traffic via the SN 

connections is the video and ordinary data in real-time/streaming. The channel 

is considered an additive-white Gaussian noise, almost static channel. The PU 

employs AMC technology and continuously assumes its transmission power. 

Under this principle, the channel state (CSI) information may be inferred by 

SUs through an active study and channel gains estimated (Shah-Mohammadi, 

F., & Kwasinski, 2018). We create the DSA technique based on the translation 

of interfering requirements from the signal to interference+ noise ratio (SINR). 

The central station SINR (PBS), SINR(p) and ith SINR. In the SBS, SU, SINR(s) 

are stated as: 
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while P0 is a constant PU transmission power, Pj is the jth number. SU power 

transmission ( )
0

p
G is the channel gain from PU to PBS, whereas ( )p

jG is jth. The 

channel gain of the SU for PBS ( )
0

s
G is the channel gain from the PU to the ith. 

Ith's SBS ( )s

ir . The rate of transmission of SU, Pi, is ith. The power of SU 

transmission is ( )s

iG . SU gain in the channel, while σ2 gain in the noise. The 

secondary and primary SINRs are reduced in the following way to achieve the 

DSA and QoE objectives: 
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while β0 and βi are respectively the primary and secondary SINR thresholds. If 

equality is assumed between both SINR restrictions, the transfer power given 

to each SU has been computed as (Shah-Mohammadi, F., & Kwasinski, 2018): 
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To have a legal power allocation, Criterion 1-
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  must be met. Once SU 

powers derived by (4) in (1) are replaced, equation (3) was rewritten as, 
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Since β0 is regarded as a constant value, βi must be altered for equation (4) in 

each SU (5). The bit rate of transmission was adjusted for this. System 

configuration examination will be carried out using the SINR bit rate and the 

SU threshold linked. 

 

 ( ) ( )2log 1 ,
s

i ir W k= +       (7) 

 

It shows bits by symbol and takes only a limited amount of integer values. It is 

a constant that refers to the desired maximum Bit Error Rate (BER). For our 

suggested DSA system, each SU chooses the SINR βi objective of this article, 

such that all SUs satisfy the SINR limitations in (3) and (5). The modulation 

scheme is modified by changing the βi and subsequently the appropriate ( )s

ir . 
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Implementation Procedure, Result and Discussion  

The pseudo-code for the above-mentioned energy detection method is provided 

below. Energy detection, change in speed, and change in distance constitute the 

heart of the energy detection method are three primary roles. The following are 

discussed in detail: 

1. Energy detecting function () { 

2.        filled(n)=1; 

3.     Stopif 

4.     n=n+1; 

5.  Stopwhile 

6.           Stopif 

7.       Stopfor 

8.  Stopfor //outer for loop 

9.     Stopfor//End of users loop 

10. Stop   //End of function 

11. Function changeSpeeds(speedn, speed,a) 

12. Start 

13.      If mod(a,4)==0 then 

14.  Reverse the speedn 

15.  If mod(a,2)==0 then 

16.       Reverse the speed 

17.  Stopif 

18.      Else     If mod(a,4)==1 then 

19.       Reverse the speedm 

20.  If mod(a,2)==1 then 

21.       Reverse the speedn 

22.  Stopif 

23.      Stopif 

24. Stop 

25. Function changeLength (peedn, speed,A,B) 

26. Start 

27.  A=A+speed 

28.  B=B+speed; 

29.  If (A,B)>(100,100) then 

30.       (A,B)=(A,B)-2*(speed, speed); 
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31.  Stopif 

32.  If (A,B)<(0,0) then 

33.       (A,B)=(A,B)+2*( speed, speed); 

34.  Stopif 

35. Stop 

 

Simulation 

1 primary user and 10 secondary users are used in the simulation. The primary 

user transmits a signal between 900 and 1800 MHz at unknown frequencies. 

Secondary users perceive this signal independently: the signal has been 

distorted by noise, and local energy detection is utilized to make a global 

judgement. The simulation was conducted on a grid of 120*120 kilometres. At 

first, each node is assigned a random position and speed. During the first phases, 

thresholds are calculated for each node, and selections are made depending on 

channel availability thresholds. These choices are sent to the fusion centre, 

which makes the final determination. The simulation of Monte Carlo was 

utilized to evaluate the effectiveness of the provided CR assignment method. A 

main network consists of a single processor unit (PU) that communicates via a 

single 900MHz channel. The PU's SINR target is 10dB. 1 nW and 300mW 

respectively represent the gauzy noise and the PU transmission power. The SUs 

and PUs are randomly dispersed across their respective base stations between 

200m to 1000m radius. Kanal gains are computed using a route loss exponent 

of 2.8 on a long-distance model. A limited set of 5, 3, 1, 1, 3, 5,7, 9, 11, 13, 

15dB has been selected. The SUs use BPSK or QAM modulation for 

transmission (depending on the SINR in which the algorithm converges). In all 

SUs, 0.1 is considered the learning rate, whereas 0.4 is the discount factor. 

Cooperative Learning Algorithm 2 (Location) 

(Run the system as a fresh SU)  

Add a new SU under SUN+1 and then start Qc (17). 

For every SUI, i=1,…,n+1  

Perform individual learning resumption using current Tables n+1 Q 

(Algorithm 1). 

Stop  
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The performance of the system will be determined with changes to the average 

MOS of the available network SUs, the congestion rate in the SU and, on 

average, the total number of iterations necessary to converge the algorithms 1 

and 2. The congestion rate in the evaluation is defined as the proportion of 

incidences in which one or both of these SINR restrictions are breached if the 

degree of distortion is acceptable to all SUs. As shown in Figure 2, the highest 

SU value is 25, leading to an average MO S value of more than three that, for 

the end-user quality, is an acceptable MOS level. During the simulations, six 

different systems were compared, and all employed a physical layer CR 

adaptation technique: the system known as "Newcomer-Individual Learning," 

all the SUs performing personal training under Algorithms 1, and five additional 

systems known as "New Comer-docition" and "New Comer-Docs" of Similar 

Traffic. 

Whereas the first system provides a single learning process for the integrated 

SU and runs algorithms 1, regardless of previous intelligence obtained from 

other SUs on the network, the other systems teach the related SU using the 

"Docitive" method in algorithm 2. The "New Comer-docition" cooperative 

learning systems assign all SUs already on the system to the learning process 

and start the respective SU Q-values (17). In contrast, the "New Comer-docition 

Comparable Traffic" cooperative learning method assigns partners with similar 

types of traffic to learn and start the corresponding Su-Q by averaging the Q 

values of those who transfer as sa-value. 'New Comer Dissimilar Traffic' assigns 

partners with different traffic to learning from it, 'New Comer Dissimilar 

Traffic' distributes partners based on proximity, and 'New Comer Dissimilar 

Traffic' allocations partners randomly. Partners are distributed. 

 

 
Figure 3. Average MOS in SN. 
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The average MOS, congestion rate, and mean number of iterations is shown in 

Figures 3 to 5. The findings indicate that the docile algorithm (algorithm 2) may 

decrease the average convergence to about two-thirds of the individual learning 

algorithm. In every statistic, the final five cooperative education systems 

achieve roughly the same level of performance as the others, regardless of the 

number of learning partners selected. Figure 3 shows the medium secondary 

network MOS at the convergence point by the total SU number in SN. The 

method created demonstrates how the medium MOS network decreased with an 

increasing number of SUs. This is because each SU tends to converge to a lower 

SINR value to meet interference restrictions. This leads to a lower mean MOS 

frequently. This result demonstrates that we regularly achieve a MOS high 

(consistently higher than acceptable MOS (QoE>3) levels when the network 

includes 25 SUs using our method for distributing resources based on QoE. 

Furthermore, all systems have the same MOS performance, and thus MOS 

allows various CR nodes with various kinds of traffic to be detected. Although 

the current MOS values vary depending on the kind of transportation, the 

connection between wireless incentives and measurements is continuous (This 

means that MOS incentives are comparatively larger than other rewards, and 

the method of calculation is continuously computed by rising monotone 

functions of target quality measurements or QoS values). 

  

 
Figure 4. Rate of congestion. 
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Figure 4 shows the congestion rate based on the number of network SUs. Figure 

4 is also used to determine the simulation selection range for the SU number for 

a given system congestion rate. According to this figure, the cooperative 

learning system always allows new users when the secondary network reaches 

a certain congestion level. 

Figure 5 shows the efficacy of docient paradigms incorrectly transferring 

information about the surrounding environment from experienced colleagues to 

the newcomer and decreasing the necessary converging cycles. The number of 

iterations required for convergence was shown to be reduced by up to 65 percent 

when compared to the individual learning algorithms. 

 
Figure 5. Convergence point to the average number of cycles. 

 

Simulation software used: 

i. Network simulators like OPNET, MATLAB, NetSim, and NS2 were 

used for Cognitive radio network simulation. 

ii. We'll choose MATLAB for Cognitive Radio Network simulation. 

 

Detection of Energy 

• The different nodes employ "energy detection" to reproduce the 

cooperative spectrum sensing to decide the main user presence on a local 

level (PU).  
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• Based on local preferences, Fusion Center (FC) decides the presence of 

the primary user 

 

Randomly generated NNodes position 

 
Figure 6: Randomly Generated Node For Spectrum Used 

 

Detection of Energy Method 

1) Generation of Periodogram:- Estimate of spectral signal density 

2) Energy detection:- determines thresholds based on detection probability and 

false alarm 

3) Availability of channels 
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Secondary User PeriodOGRAMS 

 
Figure 7: Secondary users for the 900/1800 GSM Band 

 

Conclusion 

According to dual-band mobile communication, this paper introduces an 

underlying DSA technique that adapts the transmission power, the modulation 

scheme and therefore the transfer frequency of all SUs to maximize average 

QoE over all types of traffic (real-time video, regular data traffic) within the 

secondary network and to meet the integer needs. MOS is used as a subjective 

QoE model since the quality evaluation need of the dual-band frequencies 

centred on end users can be fulfilled, and the various kinds of traffic can be 

integrated seamlessly through a single measurement scale. Additionally, we 

introduced the idea of a docile radio to accelerate the convergence time of the 

reinforcement learning algorithm, allowing novices to benefit from their more 

experienced peers throughout the training phase. The connection between nodes 

that transport various traffic types may be studied initially by mixing different 

kinds of traffic using MOS as a performance measure. To this aim, we examine 

different scenario scenarios in which several SUs with comparable or dissimilar 

traffic educate a new SU and assess their overall quality of experience. As 
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simulation results indicate that the MOS performance of each system is the 

same, MOS also allow for docile communication across various traffic nodes 

and efficient spectrum sharing.  
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