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Abstract	
 

Cognitive radio is a communication technology developed to solve the problem 

of spectrum scarcity. Energy detection based on cooperative spectrum sensing 

represents a solution to enhance the throughput of CR since the information about 

primary signal presence are collected using many sensing nodes with different 

channel conditions. Each node reports its own reports to the network center which 

in terns, makes its decision. However, the throughput cannot be maximized unless 

efficient decision rules are used to combine the collected information and produce 

right final judgment. 

In this thesis, a centralized cooperative spectrum sensing scheme is used, and 

basic decision rules are presented. New decision-making rule based on statistical 

average of the node reports is proposed ( Average Rule). Closed form expressions 

for probability of detection and false alarm probability for the different decision 

rules are given. Comparison on the throughput performance of each scheme is 

studied using both hard and soft mechanisms.  A complete sensing stage based on 

the proposed rules is designed and simulated via a system model and MATLAB 

programming. Additive White Gaussian Noise channel is assumed for data 

transmission, while the reporting channels are assumed to be free of errors. 

Through this study, the comparison between different decision rules provesthat the 

proposed decision rule based on statistical measurements shows better 

performance. This rule provides better throughput and robust decisionfor 

probability of detection and false alarm. This, in turn, will improve thespectral 

efficiency and mitigate harmful interference on the primary users.  
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CHAPTER   ONE 
Introduction	
1.1 Background	

In recent decades, it has been witnessed a rapid growth in wireless 

communications, which have been almost applied to every aspect of personal. 

Emerging wireless devices and applications further accelerate the development of 

wireless systems. Such an exponential growth of wireless communication also 

imposes huge demands on radio spectrum. As a natural resource, radio spectrum is 

scarce and limited. Nowadays, the spectrum is managed by government agencies 

such as the Federal Communications Commission (FCC), and assigned to licensed 

users on a long-term basis to avoid interference among wireless systems. Although 

this static allocation approach worked well in the past, it cannot serve the ever-

increasing demand for wireless communication well because of the problem of 

spectrum scarcity. Recent studies reveal that the allocated spectrum is 

underutilized. Some parts of spectrum remain largely underutilized; some parts are 

sparingly utilized, while the remaining parts of the spectrum are heavily occupied.  

It is recognized that this kind of static allocation policy has resulted in poor 

spectrum utilization. Furthermore, spectrum underutilization by licensed users 

exacerbates spectrum scarcity. The main reason of spectrum underutilization is that 

licensed users typically do not fully utilize their allocated bandwidths for most of 

the time, while unlicensed users are being starved for spectrum availability. To 

deal with this dilemma, cognitive radio is a paradigm created in an attempt to 

enhance spectrum utilization, by allowing unlicensed users to coexist with licensed 

users and make use of the spectrum holes. The spectrum holes are defined as the 

spectrum bands owned by licensed users, which are unused at a particular time and 

specific geographic location. Cognitive radio is the key enabling technology that 

enables next generation communication networks, also known as Dynamic 

Spectrum Access (DSA) networks, to utilize the spectrum more efficiently in an 

opportunistic fashion without interfering with the primary users. It is also defined 
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as a radio that can change its transmitter parameters according to the interactions 

with the environment in which it operates. It differs from conventional radio 

devices in that a cognitive radio can equip users with cognitive capability and 

reconfigurability. 

 Cognitive capability defines the ability to sense and gather information from the 

surrounding environment, such as information about transmission frequency, 

bandwidth, power, modulation, etc. With this capability, cognitive users (which 

also known assecondary user (SU)) can identify the best available spectrum. 

Reconfigurability is the ability to rapidly adapt the operational parameters 

according to the sensed information in order to achieve the optimal performance. 

By utilizing the spectrum in an opportunistic fashion, cognitive radio allows 

secondary users to sense the portion of the spectrum if available, select the best 

available channel, co-ordinate spectrum access with other users, and leave the 

channel when a primary user reclaims the spectrum usage right[1]. 

1.2 Motivation	
Spectrum sensing process is needed to achieve the detection of cognitive radio. 

Secondary users (SUs) must be able to detect the signal of the primary user. 

Individual spectrum sensing is sometimes difficult since the fundamental 

characteristics of wireless channels such as multipath fading, shadowing, can 

degrade the signal[2]. To overcome these issues of individual spectrum sensing, 

cooperative spectrum sensing is proposed, where SUs send their local sensing 

information to a (FC) where the final decision can be made [3]. 

Gathering these sensing information in cooperative spectrum sensing schemes 

can be categorized into two kinds: Soft Combination Scheme(SCS) and Hard 

Combination Scheme(HCS) [4]. 

In soft combination scheme, SUs send their sensing information to FC without 

making any decisions. 
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In hard combination scheme, SUs perform local measurement decisions and send 

this information to fusion center which collects this different data and decide either 

a licensed user is in operation or not.  

The existing traditional decision rules provide modest performance in throughput 

and spectrum efficiency. This motivates me to adopt a new decision rule for 

spectrum sensing that provides better result and more utilization for network 

resources. This approach is based on statistical measurements for long time 

observations of the channel. 

1.3 Problem	Definition	
In cooperative spectrum sensing, the cognitive cycle which include sensing 

operation of each cognitive user, transmits the sensing information to FC and takes 

a final decision about licensed users (which also known as Primary user (PU)) 

signal presence. All these operations should be done as fast as possible and with a 

high probability of correct decision. The network throughput is chosen as a 

performance measure in this study. The throughput of Cognitive Radio CR is 

defined as the ratio of the total transmission time to the total frame time after 

successful final decision is taken. The throughput is normally deteriorated because 

of the existence of Additive White Gaussian Noise AWGN and Rayleigh fading 

channels in the sensed spectrum and because of the use of inefficient fusion rules 

at FC. Therefore, there is always a need for developing efficient approaches to 

handle this deterioration. In this study, most fusion rules will be analyzed and 

evaluated, furthermore, one new fusion rule (Average Rule) is proposed, 

formulated and compared with the previous rules.  

1.4 Literature	Survey	
In cooperative detection, the primary signals for spectrum opportunities are 

detected reliably by interacting or cooperating with other users. This method can 

be implemented as either centralized access to spectrum coordinated by a spectrum 

server or as distributed approach implied by the spectrum load smoothing 

algorithm or external detection. 
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Unlicensed users need to conduct spectrum sensing. However, spectrum sensing 

might be inaccurate due to multipath fading, shadowing, and primary receiver 

uncertainty. To address this problem the designing of energy detection requires a 

great care due to the relationships between, firstly,the noise power(or the accuracy 

of its estimation), secondly, the probability of false alarm and , finally,the 

probability of detection. It is shown in [5] that by allowing the cognitive radio 

operating in the same band to cooperate in spectrum sensing, the detection time 

can be reduced and thus increasing their agility. The authors in this study first 

consider the case of two cognitive users and show how the inherent asymmetry in 

the network can be exploited to increase the probability of detection. This study 

then is extended to multiple cognitive user networks. 

In [6], an optimal cooperative spectrum has been proposed, in which the system 

energy efficient throughput is maximized. Subject to adequate protection to the 

primary user, there is a tradeoff between the sensing time and number of working 

sensors. As such; the authors have proposed an iterative algorithm to maximize the 

energy efficient throughput. The results of the propose iterative algorithm have 

been verified to be optimal by comparing them to exhaustive search results. It is 

found that significant improvement in the energy efficient throughput of cognitive 

radio system has been achieved when both the parameters for the sensing time and 

number of working sensors are jointly optimized [6]. 

Topics on optimal cooperation strategies for spectrum sensing have been studied 

in previous literatures. In [7], the study analyzes the effects of destructive channels 

and malfunctioning devices. This approach conducts spectrum sensing based on 

the linear combination of local test statistics from individual secondary users. The 

authors propose two optimization schemes to control the combining weights, and 

compare their performance. The first approach is to optimize the probability 

distribution function (pdf) of the global test statistics at the fusion center. For the 

second scheme, the global detection sensitivity is maximized under constraints on 

the false alarm probability. Simulation results illustrate the significant cooperative 
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gain achieved by the proposed strategies. The proposed schemes optimize the 

detection performance by operating over a linear combination of local test statistics 

from individual secondary users. This combats the destructive channel effects 

between the target and the secondary nodes. The study concludes that the 

optimization of pdf would approximate the maximum of the probability of 

detection for a fixed probability of false alarm.  

However, cooperation among users facing more or less independent fading, 

shadowing is likely to be correlated across space. This correlation can be dealt with 

by increasing the number of users up to certain sensitivity levels as mentioned in 

[8]. When correlation is distance-dependent, cooperation is desired among more 

distant users. Increasing the number of users in a distance-dependent correlated 

setting is asymptotically limited by the distance spread. Furthermore, a hard 

decision scheme performs as well as a soft decision, with small differences arising 

from finite number of samples. Even so, trust is critical for such a cooperative 

system to make this operation reliable. 

In [9],hard decision rules like AND and OR and soft decision rules like Square 

Law Combination (SLC) and Maximum Ratio Combination (MRC) were 

introduced. The study proved that these rules can  be  combined  to  optimize  the  

throughput performance. In this search, three decision rules, each consist of two 

decision stages (hard and soft) are proposed to improve the throughput of CR in  

cooperative scenario. The simulation results showed that the proposed rules 

enhance the throughput as compared with  traditional  ones.  They  demonstrated  

that  the  first  proposed  rule  enhances  the throughput by 106% and 58.9% at 

SNR equals -10 dB in Rayleigh fading channel over the classical  OR-SLC and  

the AND-SLC rules,  respectively.   Under the  same simulation conditions, the 

second proposed rule enhanced the throughput by 163% and 97.5%, while the third 

proposed method enhances throughput by 210% and 135%, respectively. 

In [10], the spectrum sensing as an essential part of cognitive radio (CR) 

technology, and cooperative spectrum sensing (CSS) could efficiently improve the 
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detection performance in environments with fading and shadowing effects, solving 

hidden terminal problems. Hard and Soft decision detection are usually employed 

at the fusion center (FC) to detect the presence or absence of the primary user 

(PU). However, soft decision detection achieves better sensing performance than 

hard decision detection at the expense of the local transmission band. In this 

Search,  proposed a tradeoff scheme between the sensing performance and band 

cost. The sensing strategy is designed based on three modules. Firstly, a local 

detection module is used to detect the PU signal by energy detection (ED) and send 

decision results in terms of 1-bit or 2-bit information. Secondly, and most 

importantly, the FC estimates the received decision data through a data 

reconstruction module based on the statistical distribution such that the extra 

thresholds are not needed. Finally, a global decision module is in charge of fusing 

the estimated data and making a final decision. The results from a simulation show 

that the detection performance of the proposed scheme outperforms that of other 

algorithms. Moreover, savings on the transmission band cost can be made 

compared with soft decision detection. 

The authors in [11]discussed the cognitive radio cycle which consists of spectrum 

sensing, spectrum decision, spectrum sharing and spectrum mobility. They showed 

that the spectrum sensing is the most important one and has a significant impact on 

throughput because it directly concerns with PU detection. They explained how the 

successful spectrum sensing can ensure that there is no interference between the 

secondary user and primary user and how to aid the secondary user to recognize 

and utilize the spectrum holes. From the previous review, it is found that most 

studies are focusing on improving the throughput by controlling the sensing time 

and the number of cognitive users. Very few works concentrated on designing 

efficient decision rules used at fusion center as an approach to improve the 

throughput. Furthermore, even these few works have considered the use of simple 

structured decision mechanisms based on single stage without multi-verifications. 
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1.5 Aim	and	objective	
The aimof this work is to improve throughput in cognitive radio 

network.Themain objectives of this work can be summarized in the following 

points: 

1) To discuss the major challenges which occur in the environment of 

spectrum sensing, particularly, related to cooperative spectrum 

sensing models.  

2) To simulate the throughput of existing cooperative spectrum sensing 

based on traditional fusion rules. 

3) To analyze the tradeoff and the limitations of the existing spectrum 

sensing techniques. 

4) To propose a novel fusion rules for enhancing the throughput and 

detection probability of cognitive radio users. 

5) To evaluate the enhancement of the proposed decision rules for 

spectrum sensing as compared with traditional ones using MATLAB 

program. 

6) Finally, considering the positive sides of the proposed work, some 

possible future directions will be addressed. 

1.6 Study	Contributions	
The main contribution of this thesis is to study the performance of several energy 

detection based on cooperative spectrum sensing techniques. Different detection 

rules based on cooperative spectrum sensing are introduced, analyzed and 

compared. Furthermore, a new decision rule is proposed in this study which based 

on taking the statistical average of all sensing information measured by the 

individual cooperative users. The comparison between all these rules is done by 

evaluating the performance of each rule and its response to the detection 

probability and false alarm introduced by the energy detector. Channel throughput 

is adopted as a key performance for each rule. 
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Most of the works reported in this thesis can be found in pear reviewed research 

publication [12].  

1.7 Thesis Outlines 

After this brief introduction chapter, the rest of this thesis is organized as 
follows: 
Chapter Two introduces the concept of the cognitive radio networks and 
spectrum sensing processes. Important terminologies, key benefits and 
definitions are given. Different spectrum detectors are explained and 
important formulas are presented. Some challenges facing this technology and 
their solutions are also listed. 
Chapter Three covers the cooperative cognitive radio and decision-making 
rules. Various cooperative categories and basic decision-making schemes are 
introduced and formulated. One new decision rule is also proposed and 
evolved. 
Chapter Four provides assessments of the rules described in Chapter three 

in means of selected system model and MATLAB simulation. Performance, 

evaluations and result discussion on each scheme are recorded. 
Finally,Chapter Five concludes the obtained results and put forward some 
inspiration and guidance that may lead to further research topics. 
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CHAPTER TWO 
 

Cognitive	Radio	Network	and	Spectrum	
Sensing	

This chapter introduces a brief background to the definitions and concept of 

cognitive radio (CR), its terminologies, key benefits and various aspects of 

spectrum sensing. The classification of spectrum sensing schemes is discussed in 

detail. Cognitive’s main functions and challenges facing this technology are 

outlined. 

2.1 Definition	of	Cognitive	Radio	
A cognitive radio was first developed by Joseph Mitola in his 1999 paper who 

defined the cognitive radio as [13]: “A radio that employs model based reasoning 

to achieve a specified level of competence in radio-related domains.” 

Later on, Simon Haykin defined a cognitive radio as [14]: “An intelligent 

wireless communication system that is aware of its surrounding environment (i.e., 

outside world), and uses the methodology of understanding-by-building to learn 

from the environment and adapt its internal states to statistical variations in the 

incoming Radio Frequency (RF) stimuli by making corresponding changes in 

certain operating parameters (e.g., transmit-power, carrier frequency, and 

modulation strategy) in real-time, with two primary objectives in mind: 

• highly reliable communications whenever and wherever needed; 

• efficient utilization of the radio spectrum”. 

Coming from a background where regulations focus on the operation of 

transmitters, the Federal Communications Commission (FCC) has defined a 

cognitive radio as [15]: “A radio that can change its transmitter parameters based 

on interaction with the environment in which it operates”. 
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Also, the broader IEEE group has defined the cognitive radio as [16]: “A type of 

radio that can sense and autonomously reason about its environment and adapt 

accordingly. This radio could employ knowledge representation, automated 

reasoning and machine learning mechanisms in establishing, conducting, or 

terminatingcommunication or networking functions with other radios. Cognitive 

radios can be trained to dynamically and autonomously adjust its operating 

parameters”. 

Another definition has given by the reference [16] which states: “An adaptive 

radio that is capable of the following: 

• awareness of its environment and its own capabilities, 

• goal driven autonomous operation, 

• understanding or learning how its actions impact its goal, 

• recalling and correlating past actions, environments, and 

performance”. 

From the above different definitions of the cognitive radio technology, one can 

note that there is a harmonization of these definitions. The main common factors of 

these definitions are the ability of the cognitive radio to have   

1. Observation: the radio is capable of acquiring information about its 

operating environment. 

2. Adaptability: the radio is capable of changing its waveform, 

operating frequency, power, etc. 

3. Intelligence:  the radio is capable of applying information towards 

its goal. 

2.2 Concept	of	Cognitive	Radio	
The fast evolution in wireless communication has led to the huge request of the 

frequency spectrum. Some frequency bands are congested and other frequency 

bands are underutilized. In this regard, cognitive radio has been developed as a 

new technology to avoid this problem. It enables the access to unoccupied 
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spectrum holes. The cognitive radio shares the unused spectrum with the secondary 

unlicensed user (SU) without causing any interference to the primary user (PU) 

[17]. This is classified as Dynamic Spectrum Access (DSA) scheme and illustrated 

in Figure 2.1. 

 

 

 

 

 

 

Figure 2.1 The concept of dynamic spectrum access [17]. 

Cognitive radio user dynamically and opportunistically accesses the spectrum 

hole (sometimes known as white space) avoiding an access to the licensed 

spectrum which is occupied by the primary user who should not affected by the 

operations of CR users. 

So, each CR user has to detect the primary users (licensed users) if they are 

present or absent. This is usually achieved by sensing the spectrum bands and the 

process is called spectrum sensing [18, 19]. 

2.3 The	Terminologies	in	Cognitive	Radio	
In the literature of CR, the commonly terminologies referring to the important 

elements of CR can be listed as follows [20]: 

• Primary user (licensed user): A primary user is a user who has 

authorized right to access the licensed spectrum band. 

• Secondary user (unlicensed user, CR user): A secondary user is a 

user who has no rights to utilize the licensed spectrum band. It 

senses the spectrum for unutilized portions of the radio spectrum and 
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uses this spectrum to transmit its signals without causing any 

interference to the primary user. 

• White spaces (spectrum holes): White spaces are the unutilized part 

of the licensed spectrum band. The main task of CR is to search for 

white spaces. 

2.4 Cognitive	Radio	Cycle	
As illustrated in Figure 2.2, a cognitive radio system performs a 3-process cycle: 

sensing, analyzing, and deciding. The CR user needs to detect the radio 

environment once it needs to access the spectrum. In this phase, spectrum sensing 

captures the information and detects the spectrum holes. CR determines the 

characteristics of the transmission such as bandwidth, data rate and the 

transmission mode. Then once the CR user starts to operate in the captured white 

space, it should track of the changes in the radio environment, as this radio 

environment might change over the time and location. When the primary user 

relocated the spectrum, CR user should stop utilizing that channel immediately (or 

jump to another available spectrum hole) to avoid harmful to the primary use. 

 

 

 

 

 

 

 

 

Figure 2.2 The cognitive radio cycle. 

Basic cognitive cycle comprises ofthe  following three basic tasks: 

• Spectrum Sensing. 

• Spectrum Analysis. 
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• Spectrum Decision. 

2.4.1 Spectrum	Sensing		
Spectrum sensing is the ability to measure, sense and be aware of the parameters 

related to the radio channel characteristics, including availability of spectrum and 

transmit power, interference level and noise, radio’s operating environment, user 

requirements and applications, available networks (infrastructures) and nodes, 

local policies and other operating restrictions.  

2.4.2 Spectrum	Analysis	
Spectrum analysis is based on spectrum sensing which is analyzing the situation 

of several factors in the external and internal radio environment (such as radio 

frequency spectrum use by neighboring devices, user behavior and network state) 

and finding the optimal communication protocol to use the channel. 

2.4.3 Spectrum	Decision	
According to the results of spectrum sensing and spectrum analysis, the spectrum 

decision is made to select appropriate channels for data transmission. Different 

decision making will be studied in this thesis. For cooperative sensing, each SU 

makes a binary decision based on its local spectrum sensing and reports its one 

decision bit to a fusion center (FC). The decision bits from all SUs are fused 

together by a special logic to make the final decision. This algorithm is regarded as 

decision fusion or hard fusion. 

2.5 Cognitive	Radio’s	Key	Benefits	
Cognitive radio networks offer optimal diversity (in frequency, power, 

modulation, coding, space, time, polarization and so on) which leads to: 

• Spectrum efficiency: this will allow future demand for spectrum to be 

available. This is the basic purpose of implementing CR. 

• Higher bandwidth services: to support Multimedia Broadcast-Multicast 

Services (MBMS). This service is promised to be facilitated by the 

implementation of CR. 
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• Graceful degradation of services: when conditions are not ideal, a graceful 

degradation of service is provided, as opposed to the less desirable complete 

and sudden loss of service. This feature of CR is very important in providing 

services to the users especially when they are mobile and the base stations in 

contact are constantly changing. 

• Improved Quality of Service (QoS): (latency, data rate, cost,…etc.), 

suitability, availability and reliability of wireless services will improve from 

the user’s perspective. 

• Benefits to the service provider: more customers in the market and/or 

increased information transfer rates to existing customers. More players can 

come in the market. 

• Future-proofed product: a CR is able to change protocols, modulation, 

spectrum band,… etc. without the need for a user and/or manufacturer to 

upgrade to a new device. 

• Common hardware platform: manufacturers will gain from economies of 

scale because they no longer need to build numerous hardware variants, 

instead using a single common platform to run a wide range of software. 

This also assists in rapid service deployment. 

• Flexible regulation: by using a form of policy database, regulation could be 

changed relatively quickly as and when required, easing the burden on 

regulators. 

• Emergency service communications: joint operations during major 

incidents would benefit greatly as police, fire, ambulance and coastguard 

could be linked together in one radio with each radio user sensing the 

spectrum being used by the other parties and reconfiguring itself. 

• Benefits to the licensee:  CR can pave the way for spectrum trading, where 

licensees would be allowed to lease a portion of their spectrum rights to 

third parties on a temporal, spatial or other appropriate basis to recoup some 

of the expense of its 24hrs a day license and even make money [21]. 
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2.6 Spectrum	Sensing	
The spectrum sensing is the first step in cognitive radio network operations which 

locates the presence or absence of the hole on a band [22]. The CR user monitors 

spectrum bands and search for the un-used portions of the bands. The goal of the 

spectrum sensing is to decide between the two hypotheses, namely [23]: 

 𝐻%:							𝑟(𝑛) = 𝑁(𝑛)PU absent (2.1) 

 𝐻-:							𝑟(𝑛) = ℎ(𝑛)𝑠(𝑛) + 𝑁(𝑛)       PU present (2.2) 

where 𝑟(𝑛) is the received signal at instant 𝑛, ℎ is the channel gain, 𝑠(𝑛) is the 

transmitted signal of primary user and 𝑁(𝑛) is the sample of additive white 

Gaussian noise (AWGN).	𝐻% is a null hypothesis, which states that the licensed 

user is absent in a certain spectrum band and the existence of spectrum hole.	𝐻- is 

an alternative hypothesis which indicates that the primary user signal is present and 

there is no spectrum hole [24]. 

The parameters that affect the performance of spectrum sensing process is listed 

below: 

i. Probability of false alarm 𝑃23: It is the probability of undetected 

spectrum holes. A large 𝑃23 produces poor spectral efficiency in 

cognitive radio because of false decisions which lead to increasing the 

interference between the secondary user and primary user [25, 26]. 

ii. Probability of detection	𝑃4: It is the probability of detected spectrum 

holes, larger 𝑃4 is preferred because it gives precise decisions [25, 26]. 

iii. Number of sensed spectrum samples 𝑁5. A large number of sensed 

spectrum samples improves the probability of detection, so gives true 

decisions. But from another side, increasing the number of samples leads 

to increase the sensing time [27]. Therefore, the number of samples can 

be expressed as [25]. 
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 𝑁5 = 𝜏	𝑓5 (2.3) 

where 𝜏 is the sensing time and 𝑓5 is the sampling frequency. 

iv. Threshold 𝜆: A predefined threshold is required to decide the absence or 

presence of the primary user signal. The threshold selection affects 𝑃4 

and 𝑃23, where increasing the threshold will decrease 𝑃4 and 𝑃23 [25, 

26]. The common equation for setting the threshold assuming 𝑃4	is 

constant as in [28, 29] 

 𝜆9 = 𝑄;- <=>√-@A	BCD
ECF

G + 1 + 𝑆𝑁𝑅     For hard decision rule (2.4) 

 𝜆5 = 𝑄;- <=KL
ECF

G + 1                              For soft decision rule (2.5) 

where 𝑄;-is the inverse of complimentary error function 𝑄(∙). The 

threshold level selection Signal to Noise Ratio (𝑆𝑁𝑅) is based on 

maximizing the difference between 𝑃4 and 𝑃23. This can be achieved by 

making 𝑃4 as high as possible and 𝑃23 as low as possible. 

2.7 Cognitive	Radio	Main	Functions	
The fundamental requirements for SUs are to control the interference to the 

potential PUs in their vicinity. To guarantee a high spectrum efficiency while 

avoiding any kind of harmful interference to the licensed users (PUs), some 

important functionalities should be provided by cognitive radio such as spectrum 

sensing, dynamic frequency selection and transmit power control [30]. These main 

functions can be summarized as following: 

- Spectrum Sensing: detecting unused spectrum and sharing the spectrum 

without harmful interference with other users. 

- Spectrum Management: capturing the best available spectrum to meet users’ 

requirements (QoS, bit rate,… etc.) 
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- Spectrum mobility: maintaining seamless communication requirements 

during the transition to better spectrum. 

- Spectrum sharing: providing the fair spectrum scheduling method among the 

co-existing (SUs). 

In this thesis, the focus will be only on the spectrum sensing processes. The other 

three functions can be mentioned as future studies for researches who are 

interesting in this area. 

2.8 Spectrum	Sensing	Analysis	
CR noncooperative spectrum sensing occurs when only one secondary user 

performs the primary user detection process. According to this scenario, three 

different aspects for spectrum sensing schemes are discussed the proceeding 

subsections. Cooperative spectrum sensing is introduced in the next chapter. 

2.8.1 Energy	Detection	
Energy detection has become a widely used technique to sense the primary user 

signal [30].  A block diagram of a conventional energy detector is illustrated in 

Figure 2.3. A band-pass filter (BPF) is first applied, and then its output is squared, 

integrated, and compared against a threshold to make a decision on the presence of 

a signal. The energy detection method is attractive because of its implementation 

simplicity compared to other sensing schemes, as well as fast detection of the 

primary signals. It has a good resistance against dynamic radio environment where 

none a prior knowledge about the PUs is available (non-coherent detector). 

However, the performance of the energy detector is easily affected by channel 

fading, shadowing, and interferences.  

The signal statistics (the computed energy) are compared to a predetermined 

threshold. The average total energy detected	𝐸, using 𝑁5 samples, is defined as 

 𝐸 =
1
𝑁5
O|𝑟(𝑖𝑛)|A
CF

RS-

 (2.6) 
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If 𝐸 is more than or equal to λ this indicates that the spectrum is in use 

(hypothesis	𝐻-) and if 𝐸 is smaller than 𝜆, this means there is a hole in spectrum 

(hypothesis	𝐻%). The block diagram of energy detection spectrum sensing 

technique is shown in Figure 2.3. 

 

 

 

 

Figure 2.3 Block diagram of a conventional energy detector. 

Specifically, the energy of the received signal is collected in a fixed bandwidth 

𝑊 and a time slot duration 𝑇 and then compared with a pre-designed threshold 𝜆, 

if	𝐸 ≥ 𝜆, then the cognitive radio assumes that the primary system is in operation, 

i.e., 𝐻-. Otherwise, it assumes 𝐻%.The average probability of detection, false 

alarm, and missing of energy detection (The miss detection occurs when the 

primary user is in operation but the cognitive radio fails to sense it) over noisy and 

fading channels can be given by, respectively, [31]: 

𝑃4 = 𝐸[𝑃X{𝐻-|𝐻-}]\ = 𝑒;
^
_ O

1
𝑛!
<
𝜆
2
G
A

+ <
1 + 𝜂̅
𝜂̅

G
d;-d;A

eS%

 

× g𝑒;
^

_(hijk) − 𝑒;
^
_ O

1
𝑛!
<

𝜆	𝜂̅
2(1 + 𝜂̅)

G
ed;A

eS%

m 

(2.7) 

𝑃23 = 𝐸[𝑃n{𝐻-|𝐻%}] =
Γ(𝑚, X

A
)

Γ(𝑚)
 (2.8) 

𝑃r = 𝐸[𝑃n{𝐻%|𝐻-}] = 1 − 𝑃4 (2.9) 

where 𝜂̅ denotes the average SNR at the cognitive radio.	α	is a certain margin of 

protection which is a measure of how much interference above the noise floor the 
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primary user can tolerate (typical value is 5dB). 𝐸[∙]\ represents the expectation 

over the random variable	𝜂	(the instantaneous SNR) which is modeled as 

exponential distributed. 𝑃n{∙} is the probability of the event.	Γ(∙)		is the gamma 

function, and	Γ(∙,∙) is the incomplete gamma function, given by 

Γ(𝑥) = x 𝑡(z;-)𝑒;{
|

%

𝑑𝑡,														for	𝑥	integer,		Γ(𝑛 − 1) = 𝑛! (2.10) 

Γ(𝑥, 𝑎) =
∫ 𝑡(�;-)𝑒;{z
% 𝑑𝑡

Γ(𝑎)
 (2.11) 

Gamma function and incomplete gamma function have inbuilt functions in 

MATLAB Library as gamma(a) and gammainc(x,a), respectively. 

Finally, 𝑚		in Equation (2.8) is Time Bandwidth product		𝑚 = 𝑇𝑊 with 𝑚 = 5 is 

chosen throughout this study which is typical value. 

2.8.2 Matched	Filter	
The matched filter detection is a linear filter and is used when a secondary user 

has a prior knowledge of the PU signal properties. This prior information includes 

carrier frequency, modulation type and pulse shape. This condition makes the 

matched filter detection impractical. A matched filter maximizes the signal-to-

noise ratio (SNR) of the received signal so it is the optimal signal detection. Its 

performance degrades when there is a reduction of channel knowledge due to rapid 

changes in the channel state conditions. 

A matched-filtering process is equivalent to a correlation scheme; wherein a 

signal is convolved with a filter whose impulse response is a mirror and time 

shifted version of the reference signal. The matched filter ℎ(𝑡)convolves the 

received signal 𝑟(𝑡) with a time-revered version of the known signal as; 

𝑟(𝑡) ⊗ ℎ(𝑡) = 𝑟(𝑡) ⊗ 𝑠(𝑇 − 𝑡 − 𝜏) (2.12) 
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where 𝑇 refers to a symbol time duration and  𝜏 is a shift in the known signal 

𝑠(𝑡), and ⊗ refers to the convolution operator. 

The details of this technique can be found in [32] and [33]. 

2.8.3 Cyclostationary	Detection	
A signal is said to be cyclostationary if its autocorrelation is a periodic function 

of time with some period. Cyclostationary feature detection exploits the periodicity 

of the received signal to identify the presence or absence of primary users. The 

periodicity is commonly embedded in sinusoidal carriers, spreading code and 

cyclic prefixes of the primary signals. Due to the periodicity, these cyclostationary 

signals exhibit the features of periodic statistics and spectral correlation. The 

complex system depicting this method of detection is also presented in [33, 34].  

A signal 𝑠(𝑡) is said to be cyclostationary, if its mean and autocorrelation 

function 𝐸[𝑠(𝑡)], 𝑅5(𝑡, 𝜏) are periodic, i.e., for any integer𝑘: 

𝐸[𝑠(𝑡)] = 𝐸[𝑠(𝑡 + 𝑘𝑇%)]				and				𝑅5(𝑡, 𝜏) = 𝑅5(𝑡 + 𝑘𝑇%, 𝜏)] (2.13) 

The details of using cyclostationary analysis as a technique to accomplish signal 

detection is described in [35]. 

Compared to energy detection, cyclostationary feature detection has a better 

performance when SNR is low. However, it has the same disadvantage as matched 

filter detection in the sense that it needs prior knowledge of the secondary user. 

Also, it requires a long detection time which makes it less popular than energy 

detection. 

Because energy detection is the most popular and simplest sensing method, it has 

been selected for spectrum sensing in this thesis. So, the two disadvantages 

mentioned above are overcome. 
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2.9 Challenges	of	Spectrum	Sensing	
The main challenges facing spectrum sensing come from the following aspects : 

- Hardware requirements; 

- Hidden primary user problem; 

- Sensing duration; 

- Decision fusion in cooperative sensing; and 

- Security. 

In this study, neither challenges from the hardware nor from security are 

considered. The focus will be on solving the following three problems: firstly,the 

Hidden Primary User Problem, secondly, Sensing Duration and finally, Decision 

Fusion in Cooperative Sensing. 

2.9.1 Hidden	PU	Problem	
This problem is caused by many factors such as path-loss and shadow fading. 

These factors depend on the relative location between PU and SU. Because of 

these factors, sometimes, SU (as a cognitive device) is blind to an active PU. This 

is a common problem which occurs in spectrum sensing with a single SU. In this 

case, SU causes interference to PU because of miss detections. In order to prevent 

this issue, cooperative scenario with multiple SUs performing sensing process can 

deal with the hidden PU problem. 

2.9.2 Selection	of	Sensing	Duration	
It is an important problem in current spectrum sensing algorithms. A long sensing 

duration guarantees a good probability of detection but causes low spectrum 

utilization. A short sensing duration has a high spectrum utilization but its 

detection performance is low. Is not guaranteed to be able to detect an active PU 

quickly, which causes interference to PU, while a fast sensing causes a low 

spectrum utilization. Thus, the selection of sensing duration represents a trade-off 

between spectrum utilization and detection performance [36].  
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2.9.3 Decision	Fusion	in	Cooperative	Sensing	
It is a key problemfor cooperative spectrum sensing in cognitive radio networks. 

Traditional methods such as the AND rule or the OR rule do not provide an elegant 

compromise between the probability of detection and the probability of false 

alarm. Therefore, it is necessary to propose a better decision-making method. 

Instead of fusing data and making decisions based on a simple threshold. More 

modern methods which deal with the decision-making problem in a novel way 

using machine learning algorithm [37]. In which a decision-making engine has 

been constructed by letting it learn from a prior knowledge database and from its 

own experience to make decision automatically. 

In next chapter, cooperative spectrum sensing is discussed based on energy 

detection. 

Different decision-making rules will be presented and a new rule based on 

statistical average of the cooperative users is also proposed and formulated. 
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CHAPTER THREE 
 

Cooperative	Cognitive	Radio	and	
Decision-Making	Rules	

Cooperation has always benefits. Using cooperative communications can greatly 

improve the data transmission and reduce the transmission errors. It is defined as 

the willingness of users in the same network to share information, power and 

computation with neighboring nodes and this can lead to savings of overall 

network resources. In this chapter, cooperation among cognitive users is 

considered. This eases to reduce the uncertainty of information recorded by single 

user detection. Different decision-making rules to collect and combine this 

information and network throughput calculation are also presented in this chapter. 

3.1 Cooperative	Scenario	in	Sensing	Process	
A number of sensing techniques have been proposed in the literature. These 

techniques are classified into two main categories: cooperative sensing and 

noncooperative sensing . There are many schemes for spectrum sensing depending 

on the CR network operation scenarios. Figure 3.1 shows the classification of 

spectrum sensing schemes. The right branch of the figure was discussed in   

Chapter 2 .  

 

 

 

 

 

Figure 3.1 Classification of spectrum sensing schemes [38]. 

The natural property of the wireless propagation of signals can experience deep 

fade and not be able to detect the primary user. Hidden terminal problem occurs in 

Spectrum Sensing Schemes 
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Centralized Distributed Relay-
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Energy 
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conventional energy detection. Furthermore, there is still a chance when the CR 

user has a line-of-sight to the primary user but cannot detect the PU’s existence 

due to shadowing uncertainty. When CR user experiences hidden terminal problem 

or shadowing uncertainty, the transmitter detection cannot detect the PU’s 

presence. As a result, cooperation among CR users can reduce an uncertainty 

caused by the single user’s detection. Using multiple sensing nodes, cooperative 

sensing can exploit spatial diversity and mitigate multipath fading and shadowing 

effects, which are the main factors that deteriorate performance of single user’s 

detection.  

Cooperative spectrum sensing occurs when a group or network of CR users 

contribute to sense the information they gain for PU detection as shown in Figure 

3.2. The cooperative detection can provide more accurate performance. However, 

it requires additional operations and overhead traffic to communicate among CR 

users. As a result, there can be an effect on the performance of resource-

constrained networks. 

3.2 Cooperative	Sensing	Categories	
There are different cooperative sensing categories based on how CRs share data 

in the network. These categories are shown in Figure3.3 and briefly explained in 

the subsequent subsections. 

 

Figure 3.2 System model of cooperative sensing [26]. 
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3.2.1 Centralized	Cooperative	Detection	
In this approach, there is a central node called fusion center (FC) within the 

network that collects the sensing information from all the CR users. All CR users 

are sending the sensing results via a control channel, where a link between each 

cooperating CR and FC is called a reporting channel [39]. 

3.2.2 Distributed	Cooperative	Detection	
Unlike centralized approach, distributed cooperative sensing does not use the FC 

for making the decision. None of the CR users take control. Each CR user sends its 

sensing information to other CR users, merges its information with the received 

sensing information, and decides whether the PU is present or not [39]. 

3.2.3 Relay-assisted	Cooperative	Detection	
This category is based on CR users observing weak sensing and reporting 

channels in one part as well as strong sensing and reporting channel in another and 

trying to complement and cooperate with each other to improve the performance of 

Cooperative Spectrum Sensing (CSS). 

 

 

 

 

 

 

 

Figure 3.3: Cooperative sensing schemes [40] 

(a) Centralized, (b) Distributed (de-centralized), (c) Relay assisted. 
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As seen in Figure 3.3(c), the relay-assisted CSS can exist in both distributed and 

centralized structures based on the demands on sensing and reporting at any given 

time. This category can also be operated as a multi-hop CSS category. It should be 

noted that the relay for CSS has a distinctly different purpose from the relays in 

cooperative communications [41]. 

3.3 Fusion	Rules	
The cooperative spectrum sensing shares the information among cognitive radios 

and combine their results which lead to enhance the detection of cognitive radio 

networks. The shared information can be in a form of hard and soft decisions 

[42,43]. 

3.3.1 Hard	Decision	Combining	Rules	
In HDC rules based cooperative spectrum sensing, CR users forward its local 

decision to the fusion center to make a final decision. Assuming that the energy 

observations at each CR user is independent and identically distributed (i.i.d.). All 

decisions from the cognitive radio users are then sent to the fusion center, where 

the global decision is made. The  probability of detection PD and the probability of 

false alarm PFA at the fusion center are given by [44, 45]: 

 P4 =�<
𝑁�
𝑖
G (𝑃4,R)�(1 − 𝑃4,R)C�;R

C�

RS�

 (3.1) 

 P23 =�<
𝑁�
𝑖
G (𝑃23,R)�(1 − 𝑃23,R)C�;R

C�

RS�

 (3.2) 

where 𝑁�  is the number of secondary users sensing the spectrum and 𝑃23,R is the 

probability of false alarm of the 𝑖{9 cognitive user, 𝑘 is set according to the used 

rule, and ���� � is binomial coefficient. 

Here below, different decision combining rules are described. 
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3.3.1.1 OR	Rule	Decision	
In this rule, if any one of the local decisions sent to the decision maker is a 

logical one, the final decision made by the decision maker is digit "1". The OR rule 

decides that a hole is present if any of the users detect a hole [46, 47], therefore 𝑘 

is set to 1 in Equation (3.1) and Equation (3.2). The probability of detection and 

probability of false alarm of the final decision of this rule are, respectively [48]: 

 P4,�D = 1 − (1 − 𝑃4)C� (3.3) 

 P23,�D = 1 − (1 − 𝑃23,)C� (3.4) 

where 𝑁�  is the number of cooperative CR users. 

3.3.1.2 AND	Rule	Decision	
In this rule, if all of the local decisions sent to the decision maker are one, the 

final decision made by the decision maker is digit "1". The fusion center’s decision 

is calculated by logic AND of the received hard decision statistics. The AND rule 

decides that a hole is present if all users detect a hole [45, 46] therefore 𝑘 is set to 

𝑁�  in Equation (3.1) and Equation (3.2). The probability of detection and 

probability of false alarm of the final decision of this rule are, respectively [48]: 

 P4,3C4 = (𝑃4)C� (3.5) 

 P23,3C4 = (𝑃23)C� (3.6) 

3.3.1.3 MAJORITY	Rule	Decision	
In this rule, if half or more of the local decisions sent to the decision maker are 

the final decision made by the decision maker is one, the MAJORITY rule decides 

that a hole is present if half or more of users detect a hole [46, 47] therefore 𝑘 is set 

to 𝑁�/2 in Equation (3.1) and Equation (3.2). The probability of detection and 

probability of false alarm of the final decision are, respectively [48]: 
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P4,�3��D��� =

⎩
⎪⎪
⎪
⎨

⎪⎪
⎪
⎧
� <

𝑁�
𝑖
G (𝑃4,R)R(1 − 𝑃4,R)C�;R,							𝑁�		𝑖𝑠	𝑒𝑣𝑒𝑛

C�

RSC�/A

� <
𝑁�
𝑖
G (𝑃4,R)R(1 − 𝑃4,R)C�;R

C�

RS�¡R¢(£�_ )

,			𝑁�		𝑖𝑠	𝑜𝑑𝑑	

 (3.7) 

P23	�3��D��� =

⎩
⎪⎪
⎪
⎨

⎪⎪
⎪
⎧
� <

𝑁�
𝑖
G (𝑃23,R)R(1 − 𝑃23,R)C�;R,							𝑁�		𝑖𝑠	𝑒𝑣𝑒𝑛

C�

RSC�/A

� <
𝑁�
𝑖
G (𝑃23,R)R(1 − 𝑃23,R)C�;R

C�

RS�¡R¢(£�_ )

,			𝑁�		𝑖𝑠	𝑜𝑑𝑑	

 (3.8) 

where 𝑐𝑒𝑖𝑙(C�
A
) rounds the elements of 𝑁𝑐/2 to the nearest integers greater than 

or equal to 𝑁𝑐/2. 

3.3.1.4 Middle	Plus	One	(MPO)	Decision	
Middle Plus One (MPO) is first proposed rule and it is a type of hard decision 

rules. The mechanism of its operation is as follows: the fusion center makes a final 

decision of  "0" when half plus one or more of the local decisions sent to the fusion 

center are "0" (indicating the existence of hole) therefore 𝑘 is set to (C�
A
+ 1) in 

Equation (3.1) and Equation (3.2) and the fusion center indicates that the hole is 

present. This rule will increase the throughput since it increases the number of 

secondary users that give the same decisions which decrease the probability of 

false alarm. The probability of detection and the probability of false alarm of MPO 

rule is given in the following equations: 
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P23,�=� =
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 (3.10) 

3.3.1.5 	𝒌-out-of-	𝒏	Rule	Decision	
In 𝑘-out-of-𝑛 -rule based hard decision rule, the final decision of 𝐻- is made only 

at least 𝑘 CR users report 𝐻-local decision. The probability of detection and 

probability of false alarm of the final decision are [49]. 

P4,�;­®{	e =�<
𝑁�
𝑖
G (𝑃4,R)R(1 − 𝑃4,R)C�;R

C�

RS�

 (3.11) 

P23,�;­®{	e =�<
𝑁�
𝑖
G (𝑃23,R)R(1 − 𝑃23,R)C�;R

C�

RS�

 (3.12) 

3.3.1.6 	Average	Rule	Decision	
In this rule, the final decision of  𝐻- is made only when the average of all CR 

reports lies above a certain predefined threshold. This threshold represents the 

long-term observations of the average of probabilities of detection of the primary 
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user presence. Monte Carlo (MC) method, which is a stochastic technique based on 

the use of random numbers can form the basis of calculating this threshold. The 

higher the number of Monte Carlo samples, the greater the confidence of this 

threshold. Therefore 𝑘 in Equation (3.1) and Equation (3.2) is set a value where the 

count of CR users performing spectrum sensing exceed the predefined threshold. 

The threshold of the probability of detection and false alarm probability can be 

expressed as 

P4,� = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒�𝑃4,R:	∀	𝑖 = 1…	𝑁��|�² (3.13) 

P23,� = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒�𝑃23,R:	∀	𝑖 = 1…	𝑁��|�² (3.14) 

where 𝑎𝑣𝑒𝑟𝑎𝑔𝑒(∙) is the statistical average function. 

Then the value of 𝑘 will be the minimum value of users those satisfy the 

following criteria 

k = min ´
𝑐𝑜𝑢𝑛𝑡(𝑃4,R:	𝑃4,R 	≥ 						 𝑃4,�∀	𝑖 = 1…	𝑁�)
𝑐𝑜𝑢𝑛𝑡(𝑃23,R:	𝑃23,R 	≥ 	𝑃23,�∀	𝑖 = 1…	𝑁�)

 (3.15) 

where 𝑚𝑖𝑛(∙) is the known minimum function, and  𝑐𝑜𝑢𝑛𝑡(∙) is a function that 

counts its arguments. 

Now, this value of 𝑘 can be plugged in Equation (3.1) and  Equation (3.2) to find 

the probability of detection and probability of false alarm of the final decision. 

 P4 =�<
𝑘
𝑖
G (𝑃4,R)R(1 − 𝑃4,R)�;R

�

RS-

 (3.16) 

 P23 =�<
𝐾
𝑖
G (𝑃23,R)R(1 − 𝑃23,R)�;R

�

RS-

 (3.17) 
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3.3.2 Soft	Fusion	Rules	(Data	Fusion)	
In a soft fusion scheme, cognitive radio users send their sensing information to 

the fusion center without making local decisions. The fusion center then combines 

the forwarded observations and compares the aggregated energy value to the fusion 

threshold. The decision is made at the fusion center by using one of the combining 

rules [46, 50]. The major combining rules in this detection scheme are Square Law 

Combination (SLC) and Maximum Ratio Combination (MRC). 

3.3.2.1 Square	Law	Combination	(SLC)	
In this combination rule, the energy at each node is sent to the fusion center. At 

fusion center these energies are added to each other and the result is compared with 

a predefined threshold to decide the presence or absence of the spectrum hole. The 

test statistics for this rule is [51]: 

 EB¸² =O𝐸R

C�

RS-

 (3.18) 

where 𝐸R is the statistics of the 𝑖{9CR user energy. 

3.3.2.2 Maximum	Ratio	Combination	(MRC)	
The difference between SLC and this rule is that in MRC the received energy 

from each 𝑖{9 CR user is multiplied with certain normalized weight 𝑤R, then added 

to each other whereas in SLC the received energies are directly added. 

The test statistics for this rule is: 

 E�D² =O𝑤R𝐸R

C�

RS-

 (3.19) 

MRC soft combination scheme defines weight coefficients as [52] 



43 
 

 𝑤R =º
𝐸R

»¼ 𝐸RA
C�
RS-

𝑤R

C�

RS-

 (3.20) 

3.4 Throughput	of	Cognitive	Radio	
The throughput in cognitive radio is defined as the ratio of the total transmission 

time to the total frame time after successful final decision is taken [53]. The frame 

structure in cognitive radios consists of sensing time and data transmission time, as 

shown in Figure 3.4. According to the frame structure: first, the cognitive user 

senses the spectrum band for a specific time duration 𝜏. Then, in the case of hole 

presence, the user starts data transmission over remaining frame time duration 

(𝑇 − 𝜏).  

 

 

Figure 3.4 Frame structure for cognitive radio network, (𝜏: sensing 

slot duration; (𝑇 − 𝜏): data transmission slot duration). 

The normalized achieved throughput can be expressed as [27] 

 R =
(𝑇 − 𝜏)
𝑇

(1 − 𝑃23) (3.21) 

3.5 Throughput	Improvement	in	Cognitive	Radio	
According to Equation (3.21) and what previously discussed in this chapter, by 

controlling some parameters, the throughput of cognitive radio can be improved. 

Some of these parameters act directly and others indirectly to the throughput 

improvement. These parameters can be listed as below: 

1. Sensing time 𝜏: a higher sensing time results in precise spectrum 

sensing, and avoiding interference with the licensed user. However, 

an increase in sensing time results a decrease in transmission time, 

(𝑇 − 𝜏) 𝝉 

Frame 
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leading to low throughput [54], and shorter sensing time degrades 

the sensing process [55], so the optimal sensing time can maximize 

the SU’s throughput [56]. 

2. Frame duration 𝑇: For a given sensing time, the larger frame 

duration, the longer the data transmission time (𝑇 − 𝜏) and 

maximum throughput value. Also, the longer the frame duration, the 

more chances that the PU becomes active, thus more interference 

between PU and SU, which degrades the throughput. Thus, there 

exists an optimum frame duration for which interference is 

minimum and throughput of the CR is maximum [57]. 

3. Signal to noise ratio 𝑆𝑁𝑅 for secondary user: The throughput of 

the system increases with increasing 𝑆𝑁𝑅 value until maximum 

throughput is reached [58], so throughput has a direct relationship 

with	𝑆𝑁𝑅. 

4. The number of secondary user	𝑁�: using the cooperative spectrum 

sensing is preferable because the SUs can better use the channel 

which leads to increase the throughput. The throughput increases 

with increasing the number of cooperative SUs [59]. 

5. Fusion rules: throughput is affected by fusion rules that make the 

global decisions. However, using appropriate fusion rule in 

cooperative spectrum sensing scheme causing improve the 

throughput in cognitive radio. 

In this thesis, the efforts are devoted to improve the throughput through the use of 

efficient fusion rules. 

In next chapter, analysis and evaluation for these decision rules will be presented 

through numerical examples. Simulation comparison between different scenarios 

of sensing process is executed using MATLAB program. 
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CHAPTER FOUR 
 

Simulation	Results	
In this chapter, the simulation of  Four decision rules to enhance throughput in 

CR are presented. The traditionaldecision rules: OR rule, MAJORITY rule and 

Middle Plus One (MPO) rule are simulated. Then the proposed decision rule 

named as AVERAGE rule is also simulated. These rules are evaluated for the 

purpose of comparing the throughput with each other. The scenario consists of 

sensing stage (local decision), transmission stage (reporting) and decision stage 

(global decision). 

4.1 Simulation	Setting	and	Parameters	
In this simulation, the system model is set up as illustrated inFigure 4.1. Energy 

detection technique is adopted to detect whether primary user is transmitting or 

not. It is assumed that number of cognitive radio users are random uniformly 

distributed around the area where the primary user is in operating. The sensing 

procedure is that the CR users locally sense the PU. Then, theycollaboratively 

forward either its decision or observation to the fusion center. The reporting 

channel of error-free is assumed such that the fusion centerreceivesexactly the 

same information as sent. The fusion center makes finaldecision and inform all CR 

users. 

 

 

 

 

 

Figure 4.1 The system model. 
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The simulation parameters used in this analysis are given in Table 4.1. The total 

frame duration is 0.1 sec, including the sensing and transmission time. The primary 

user signal is assumed to be random data using QPSK modulation. Cooperative 

sensing with variable number of users is used in all the decision rules. The 

proposed rules are simulated over AWGN transmission channel. MATLAB 

R2013a version is used for simulation. 

Table 4.1: Simulation parameters. 

Parameter Value 

PU carrier frequency 1 MHz 

PU modulation type QPSK 

Sampling frequency 6 MHz 

Bits per symbol 2 

Total frame length 0.1 sec 

Number of cooperative users 2-10 

Spectrum sensing method Energy detection 

4.2 System	Model	
A centralized cooperative spectrum sensing scheme is used, where a number of 

secondary users sensing for the primary user. The primary user data are generated 

randomly and QPSK modulated. The sensing stage is performed using the energy 

detection method, in which each secondary user computes the energy of the sensed 

spectrum. This requires to transform the primary signal to frequency domain. The 

sensing process is performed in AWGN channel. After that either hard or soft 

decision schemes are used. An error free transmission is assumed at the reporting 

channel where the throughput is calculated. Figure 4.2 shows the flowchart of the 

sensing scheme model. 
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4.3 Hard	Decision	Rules	
Four hard decision rules are adopted for simulation, these are: OR rule, 

MAJORITY rule, Middle Plus One (MPO) rule, and AVERAGE. The flow chart 

of these rules is presented in Figure 4.3. First the initial parameters are defined and 

a primary user signal is QPSK generated. Since the computation of throughput 

depends on false alarm probability Equation 3.21, the statistics are repeated  

"TEST" times for each 𝑁�  secondary users. At that point the flowchart is divided 

into two paths. Each path simulates a certain hypothesis 𝐻% or 𝐻-. In 𝐻- path, the 

generated primary signal is added to the noise and fading collected from channel. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.2 Flowchart of the sensing model. 

START 

Set initial parameters: 𝑆𝑁𝑅, frame duration 𝑇, sampling 
frequency 𝑓5, no. of secondary users 𝑁�, number of samples 

𝑁5, sensing time duration 𝜏 , and bit rate 𝑅Â. 

QPSK Modulation 

Add AWGN 

Transform to Frequency domain 

Perform energy detection sensing techniques 

Compute the local decision and send it 
to FC 

Send the sensing information to FC without 
make any decision 

Apply one of the hard decision rules Apply one of the soft decision rules 

 

Compute throughput 

END 

Is hard 
decision 

No Soft 
decision 
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If the accumulated energy along the tested spectrum does not cross the threshold 

value	𝜆, which points out a false alarm, the false counter CountFA is increased by 

one. Otherwise, no increment is done to the counter.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

START 

Set initial parameters: 𝑆𝑁𝑅, frame duration 𝑇, sampling 
frequency 𝑓5, no. of secondary users 𝑁�, number of samples 
𝑁5, sensing time duration 𝜏 , and bit rate 𝑅Â. 
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END of 
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𝑃4,R=countD/total TESTS 
𝑃23,R=countFA/total TESTS 

Find the overall 𝑃4 , 𝑃23according to the selected rules using equations given in Chapter 3 

END 

Calculate the throughput from equation (3-21) 

𝐻-
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𝐻%  

No No 

No 

Yes 

No 

Yes 

Yes Yes 

Figure4.3 Flowchart of hard decision rules. 
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This counter value for each cognitive user after Test iterations is stored to 

compute false alarm probability of 𝑖{9 cognitive user  𝑃23,R by dividing the number 

of times the threshold crossed to the total number of tests. Then the global false 

alarm probability is computed using the equations corresponding to the used 

decision rulethese equation are given in Chapter 3 from Equation (3.3) to Equation 

(3.17). 

In 𝐻% path the same procedure is performed but this time the primary signal is not 

added to noise plus fading signal and the calculated probability is detection 

probability 𝑃4,R.Finally, the throughput 𝑅 is calculated using Equation (3.21) as 

shown in the flowchart. 

4.3.1 Simulation	Results	of	OR	Rule	
Figure 4.4 shows a relation between the probabilityof detection as a function of 

number of users. It can be observed from the figure that as the number of users 

increases, the corresponding probability of detection increases as well. For 

example, when there are 3 users in the network, the probability of detection is 

69%, and when the number of users is 6, the probability of detection is 98%. This 

is because, as the number of users increases in the cooperative network, then there 

are more chances to estimate the correct probability.  
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Figure 4.4 Probability of detection versus number of users (OR rule). 

Figure 4.5 reveals that as the number of users increases, the probability of false 

alarm decreases. For instance, when the number of users is 3 the probability of 

false alarm is 5.6% , similarly, when the number of users increases to 7 users the 

probability of false alarm drops to 3.8% .This trend is due to the reason that, with 

the increase of the number of users in a cooperative network, the probability of 

making false detection decreases.. 
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Figure 4.5 Probability of false alarm versus number of users(OR rule). 

Figure 4.6 depicts that, with the increase in the number of users, network 

throughput increases. For instance, when the number of users is 3, the normalized 

throughput ratio is 90%, while as the number of users increases to 7, the 

throughput ratio reaches 92%. The increasing trend of throughput with the number 

of users is because when there are more active users in the network then there 

would be more resultant channel capacity, therefore, throughput increases with the 

increase of users. 
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Figure 4.6 Throughput versus number of users (OR rule). 

4.3.2 Simulation	Results	of	the	MAJORITYRule	
In Figure 4.7, it can be noticed that when the number of users increases to 3, the 

probability of detection is 63%. Similarly, when the number of users increases to 7, 

the probability of detection is 86%. This result is generated using Equation (3.7) 

and Equation (4.8).  
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Figure 4.7 Probability of detection versus number of users(MAJORITY rule). 

Figure 4.8 unveils that with the increase of user density, the probability of false 

alarm decreases. For example, when the number of users increases to 3, the 

probability of false alarm reaches 11%. Similarly, when the number of users 

increases to 7, the probability of false alarm falls to 3.2%. 
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Figure 4.8 Probability of false alarm vs number of users(MAJORITY rule). 

Finally, in Figure 4.9, the throughput ratio reaches 85% when the number of 

users is 3. More than 6 user, the throughput reaches to saturated value of about 

96%.Increasing the number of cooperative users upon this value, the increasing of 

network throughput is modest. 
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Figure 4.9 Throughput versus number of users(MAJORITY rule). 

4.3.3 Simulation	Results	of	Middle	Plus	One	Rule	
In Figure 4.10, when the number of users is 3, the probability of detection ratio is 

72%, while the probability of detection increases to 98% when the number of users 

increases to 7. Thus, detection probability increases with the increase in user 

density. 

Figure 4.11 shows that, when the number of users is 3, the probability of false 

alarm reaches 4%. Correspondingly, when the number of users increases to 7, the 

probability of false alarm reaches 0.04%. 
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Figure 4.10 Probability of detection versus number of users (MPO rule). 

 

Figure 4.11 Probability of false alarm versus number of users (MPO rule). 
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The throughput for MAJORITY rule as a function of cooperative users is 

illustrated in Figure 4.12.The throughput increases with number of users increases. 

More than five users do not contribute any further throughputs. 

 

Figure 4.12 Throughput versus number of users (MPO rule). 

4.3.4 Simulation	Results	of	AVERAGE	Rule	
In Figure 4.13, when the number of users in the network increases, then the 

probability of detection increases as well. For example, when there are 3 users in 

the network, the probability of detection is 56%, and when the number of users is 

7, theProbability of detection increases to 80%. 

Figure 4.14 shows that, when the number of users is 3, the probability of false 

alarm decreases to 0.03. Similarly, when the number of users increases to 7, the 

probability of false alarm falls to 0. In conclusion, a higher number of user’s 

density results in zero percent of false alarm probability which is the good side of 

an average rule. 
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Figure 4.13  Probability of detection versus number of users (AVERAGE  rule). 

 

Figure 4.14 Probability of false alarm vs number of users (AVERAGE rule). 
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Figure 4.15 uncovers that, when the number of users in the network is 3, the 

throughput ratio is 95%, similarly, the throughput ratio increases to 96% when the 

number of users is 7. In summary, increasing the number of users' density 

significantly improves the throughput of the overall network. Higher the value of 

throughput, the higher will be the data rate. Hence, a user will experience good 

coverage with the best data rate. 

 

Figure 4.15 Throughput versus number of users (AVERAGE rule). 
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would be high probability to make a correct decision. For example, in a cognitive 

radio network, when there are number of users are present then fusion center (FC) 

would be receiving a large amount of channel information from different nodes, 

which improves the reliability of the network. However, the performance of 

different schemes for making the correct detection is different from each other. It 

can also be observed from Figure 4.16 that the probability of detection of ‘OR 

Rule’ better than the rest of the schemes. For instance, in the case of 7 users, the 

probability of detection of ‘OR Rule’ and the probability of detection of ‘MPO 

Rule’ is 98%, the probability of detection of ‘MAJORITY Rule’ is 86% however, 

AVERAGE Rule is only 80%. It is important to note that the performance of all 

the schemes matches when there are high number of mobile users performing 

spectrum sensing. In summary, for a lower number of users, ‘OR Rule’ 

outperforms than rest of the schemes. 

 

Figure 4.16 Probability of detection versus number of users (for all rules). 
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Figure 4.17 collects the probability of false alarm as a function of number of 

cooperative users for the four rules. The probability of false alarm has a higher 

value for a lower number of users. This is because, when lower number of users 

are present in the network, there is a high probability that the fusion center will 

make wrong decisions of existing a channel (false alarm). In the case of fewer 

users, the fusion center does not have enough statistics information to make the 

correct decision about the presence of the primary user signal. 

 

Figure 4.17 Probability of false alarm versus number of users (for all rules). 

Figure 4.18 compares the performance of all the studied schemes in terms of 

achieved throughput versus the number of users present in the network. It is 

obvious that for a higher number of users in the network, there would be higher 

throughput It can be depicted from Figure 4.18 that for a higher number of users, 

throughput is high as well. However, ‘AVERAGE Rule’ gives better throughput 

compared to the other traditional schemes. In conclusion, ‘AVERAGE Rule’ is the 

best option when throughput maximization is the key requirement of the network. 
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Figure 4.18 Throughput versus number of users (for all rules). 

4.4 Soft	Decision	Rules	
Two soft decision rules are simulated, these are: Square Law Combination(SLC) 

and Maximum Ratio Combination (MRC). The flow charts for the designed soft 

decision rules are shown in Figures (4.19) and (4.20), respectively. The procedure 

of soft decision rules is the same as the hard decision rules(where it is also based 

on statistical calculation of 𝑃23 and 𝑃4 and then calculating the throughput) but 

with following differences: 

1. In SLC, instead of comparing the energy of each cognitive user 𝐸R with 

local threshold 𝜆R, the energies are added to each other producing a total 

energy 𝐸�which is then compared to global threshold 𝜆B¸²  at fusion center. 

2. In MRC, instead of comparing the energy of each cognitive user 𝐸R with 

local threshold 𝜆R, the energies are added to each other after multiplying 

each energy with a corresponding weight 𝑤R, then the total energy 𝐸� is 

compared to global threshold 𝜆�D² at fusion center. 
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Figure4.19 Flowchart of Square Law Combining (SLC) rule. 
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Figure4.20 Flowchart of Maximum Ratio Combining (MRC) rule. 
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4.4.1 Simulation	Resultsfor	SLC	and	MRC	Rules	
Figure 4.21 depicts the performance of probability of detection with increasing 

the number of users in both the algorithms; SLC and MRC.  However, MRC 

performs better as compared to SLC. For example, having 3 users in the network 

results in 0.97 in the case of SLC, whereas MRC reaches to 0.99. It can also be 

observed that, when number of users reaches 5 the performance of both the 

algorithms behave the same. The cost paid to get this improvement is the 

complexity of MRC rule. 

 

Figure 4.21 Probability of detection for soft decision rules vs number of users. 

Similarly, Figure 4.22results in lowering the probability of false alarm when the 

number of users increases. However, false alarm probability is less in case of 

MRC. For instance, 2 users results 8% false alarm probability in case of SLC, 

whereas MRC has just 2% false alarm probability. Again, the simplicity of SLC 

implementation yields to this performance degradation. 
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Figure 4.22 Probability of false alarm for soft decision vs number of users. 

Finally, Figure 4.23 shows the comparison of SLC and MRC in terms of 

throughput. when number of users are increased from 1 to 10. It can be observed 

that MRC outperforms as compared to SLC. For instance, when there are 4 users, 

then MRC provides a throughput of 0.95, whereas SLC gives a throughput of 0.91. 

On the other side, it can also be noticed that increasing the number of users more 

than 5 does not improve the performance in both algorithms. Both algorithms 

provide a constant throughput of 0.95 (MRC) and 0.92 (SLC). 

In a nutshell, it can be concluded that MRC detection criteria is better than SLC. 
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Figure 4.23 Throughput for soft decision rules versus number of users. 
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CHAPTER FIVE 
 

Conclusions	and	Future	Work	
5.1	Conclusions	

Static spectrum assignment policy causes low spectrum utilization while the 

demand for spectrum continues to increase. To solve this issue, Cognitive Radio 

has been introduced. It is a paradigm which can potentially improve the utilization 

of spectrum scarcity by admitting unlicensed users access to the licensed bands for 

data transmission when the primary users of these bands are inactive. In order to 

implement such dynamic spectrum access (DSA), techniques including spectrum 

sensing, spectrum analysis and spectrum decision must be implemented. This 

thesis focuses on investigating spectrum sensing techniques by applying energy 

detection which has proved to be less complex, most feasible and has to be 

considered as sub-optimal detector.  

According to the results of spectrum sensing and spectrum analysis, the 

spectrumdecision is made to select appropriate channels for data transmission. 

The conventional spectrum sensing is implemented by authorizing a single 

secondary user to perform sensing process.  This approach of spectrum sensing 

cannot cope with the natural properties of wireless propagation channels. Fading 

phenomena, hidden terminal problem and shadowing are examples of troubles of 

wireless transmission which mostly yield to uncertain sensing results.  

On the other hand, cooperation among CR users can reduce the uncertainty 

caused by the single user’s detection. Employing multiple sensing 

nodescooperatively can enhance the performance of detection and overcome the 

negative attributes of the wireless channel. However, this requires additional 

operations and overhead traffic to communicate among CR users. As a result, there 

can be an effect on the performance of resource-constrained networks. 
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This thesis focuses on the collaboration approach, each user may independently 

perform local spectrum sensing and then report a decision to FC. The FC then 

makes a decision on the presence or absence of the PU signal in order to reduce the 

probability of detection errors. The commonly hard decision fusion rules are AND, 

OR, and Majority rules. This study deals with the performance of energy detection 

based on cooperative spectrum sensing techniques. Different detection rules based 

on cooperative spectrum sensing are introduced, analyzed and compared. A new 

rule is also proposed in this study which based on taking the statistical average of 

all sensing information measured by the individual cooperative users. Monte Carlo 

algorithm is used to simulate the statistical average for the similar channel 

environment. This value is used as a threshold value to compare with the measured 

results. 

The comparison between all these rules is done by evaluating the performance of 

each rule and its response to the detection probability and false alarm measured by 

the energy detector. For the sake of brevity, AND and	𝒌-out-of-𝒏 rules are omitted 

in this study because they give the worst performance compared to the introduced 

decision rules. Soft decision rules are also studied in this thesis Square Law 

Combination and Maximum Ratio Combination are chosen for comparison 

sake.Channel throughput is adopted as a key performance for each rule. 

The performance of all the studied schemes in terms of achieved throughput 

versus the number of users present in the network are presented. It is observed that 

morenumber of users in the network, higher throughput is achieved. However, the 

‘AVERAGE Rule’ gives better throughput compared to the other traditional 

schemes. In conclusion, ‘AVERAGE Rule’ offers the best option when throughput 

maximization is the key requirement of the network. 

For soft combining techniques, MRC provides the better performance than SLC. 

One of its major drawbacks is its significant hardware requirements. The soft 

combining schemes exhibit much better performance than the conventional hard 

combination schemes. 
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5.2	Future	Works	
In this section, asset of suggested future works is shortly listed in the following 

possible areas: 

1. The system was evaluated over Rayleigh multipath fading channel. The 

evaluation can be extended to include frequency selective fading channels of 

Rayleigh. 

2. The energy detection spectrum sensing method is used in this study. Other 

sensing schemes such as matched filter, cyclostationary, can be used in 

future works. 

3. This work assumes that the transmission channel (reporting channel) is free 

of errors (these problems were assumed in sensing channel only). The effect 

of transmission channel problems on throughput improvement can be 

investigated. 

4. Sensing time is very important parameter. The sensing time period has to 

be optimized to minimize energy consumption in cooperative users and 
maximize the network throughput. Future study might deal with this 
optimization problem. 

5. Other interesting topics in cognitive radio technology such spectrum 

management, spectrum sharing and spectrum mobility are good scholar 

fields for analysis and evaluation. 
 
  



73 
 

References	
 

[1] N.  Zhang and J. Mark, “Security-aware Cooperation in Cognitive Radio Network”, 2013. 

[2] E. Axell, G. Leus, E. Larsson, and H. Vincent,” Spectrum Sensing forCognitive Radio”, IEEE signal 

processing magazine, Vol : 97, Issue: 5, pp: 101-116, 2012. 

[3] N. Tri Do and B. An,“A Soft-Hard Combination-Based CooperativeSpectrum Sensing Scheme for 

Cognitive Radio Networks”, sensors, Vol : 15, Issue: 2, pp: 4388-4407, 2015. 

[4] M. Motta, “ A Survey on Data and Decision Fusion Strategies on SpectrumSensing in Cognitive Radio 

Networks”, international journal of advancedresearch in computer and communication engineering, Vol : 

03, Issue:07, pp: 7510-7518, 2014. 

[5] G. Ganesan and Y. Li, IEEE “Cooperative Spectrum Sensing in Cognitive Radio Networks radio-part I: 

Two user networks”, IEEE Trans. Wireless Communications, vol.6 no.6, 2204-2213, 2007. 

[6] Z. Zhang, Lin Chen, Haibin Yu, Jinsong Wu and Wei Liang, “Energy-Efficiency Maximization for 

Cooperative Spectrum Sensing in Cognitive Sensor Networks”, 2017. 

[7] Z. Quan, S. Cui, and A. Sayed, “An Optimal Strategy for Cooperative Spectrum Sensing in Cognitive 

Radio Networks”, 2007. 

[8] Mishra, S.M., Sahai, A. Brodersen, R.W. “Cooperative sensing among cognitive radios”, in Proceedings 

of IEEE International Conference on Communications, vol. 4, pp. 1658-1663, June 2006. 

[9] H. N. Abdullah,  N. Sh. Baker,  and Alejandro  A. Valenzuela, “Double  Threshold Soft Decision  Rule 

for Improving  Performance  of Cognitive Radio Networks”,  Proceedings of 9th IEEE  International 

Conference on  Consumer  Electronics (ICCE2019), Berlin, Germany, 2019. 

[10] Yin Mi, Guangyue Lu, Yuxin Li, and  ZhiqiangBao, “A Novel Semi-Soft Decision Scheme for 

Cooperative      Spectrum Sensing in Cognitive Radio Networks”, 2019. 

[11] R. Abdelazeem, Kh.Hamid and I. Elemam,“ Performance Evaluation of  Energy Detection in Spectrum 

Sensing on the Cognitive Radio Networks”, Journal of Electrical & Electronic Systems, Vol: 06, Issue: 

02, 2017. 

[12] Magda Abunab and Mohamed Elalem, “Decision-Making Rules in Cooperative  Cognitive Radio 

Networks: Evaluation and Comparison” , The Third Conference for Engineering Sciences and 

Technology CEST 2020, Alkhums, Libya, December 2020. 

[13] M. Abdulsattar and Z. Hussein, “Energy Detection Technique for Spectrum Sensing in Cognitive Radio: 

A Survey”, International Journal of Computer Networks & Communications, Vol: 04, No: 05, pp: 223-

242, 2012. 

[14] MundlamuriKowshik, “OFDM based Transceiver for a Cognitive Radio”, Electronics and 

Communication Engineering Shiv Nadar University Greater Noida, Uttar Pradesh, India, 2016. 

[15] Alexander M.Wyglinski, MaziarNekovee, Y.ThomasHou, “Cognitive radio communication and network 

”principle and practice, 2010. 

[16] Group Wikipedia “Analysis and Design of Cognitive Radio Networks Using Game Theory”, 

https://omidi.iut.ac.ir/SDR/2007/WebPages/07_GameTheory/cognitive%20radio2. 



74 
 

[17] K. Sriharipriya and K. Baskaran, “A Survey on Cooperative Spectrum Sensing Techniques for Cognitive 

Radio Networks”, International Journal of Engineering and Advanced Research Technology, Vol: 01, 

Issue: 06, pp: 17-22, 2015. 

[18] L.F.Akyildiz, B. Lo, R. Balakrishnan, “Cooperative Spectrum Sensing in Cognitive Radio Networks: A 

Survey”, Physical Communication, Vol: 04, Issue: 01, pp: 40–62, 2011. 

[19] Ch. Sita and S.Pallam, “Performance Analysis of Cognitive Radio Networks (IEEE 802.22) for Various 

Network Traffics”, International Journal on Recent and Innovation Trends in Computing and 

Communication, Vol: 05 Issue: 07, pp: 348-353, 2017. 

[20] KH. Mawatwal, “ Two Stage Spectrum Sensing FOR Cognitive Radio”, master thesis, National Institute 

of Technology Rourkela, India, 2014. 

[21] Siddharthjain and Ravi baidjain, “Spectrum Sensing Methods In Cognitive Radio”, a thesis submitted in 

partial fulfillment of the requirements for the degree of bachelor of technology in electronics and 

communication engineering, Department of Electronics and Communication Engineering National 

Institute of Technology, 2011. 

[22] G. Ghosh, P. Das and S. Chatterjee, “ Simulation and Analysis of Cognitive Radio System Using Mat 

lab”, International Journal of Next-Generation Networks, Vol: 06, No: 02, pp: 31-45, 2014. 

[23] W. Yeol, “ Spectrum Management in Cognitive Radio Wireless Network”, PhD thesis, Georgia Institute 

of Technology, 2009. 

[24] M. Matinmikko , M. Hoyhtya, M. Mustonen, H.Sarvanko, A. Hekkala, M. Katz, A. Mammela, M. 

Kiviranta, A. Kautio,“Cognitive Radio: An Intelligent Wireless Communication System”, research report, 

2008. 

[25] S. Udaya, “Analysis of Energy Detection in Cognitive Radio Networks”, PhD thesis, University of 

Alberta, Edmonton, Alberta, 2013. 

[26] S. Atapattu, Ch. Tellambura and H. Jiang, “Energy Detection for Spectrum Sensing in Cognitive Radio”, 

springer, London, 2014. 

[27] Y. Liang, Y.Zeng, E.Peh and A. Tuan, “Sensing-Throughput Tradeoff for Cognitive Radio Networks”, 

IEEE transactions on wireless communications, Vol: 07, No: 04, pp: 1326-1337, 2008. 

[28] Y. Alemseged, Ch. Sun, H. Nguyen and H. Harada, “ Distributed Spectrum Sensing with Two-Stage 

Detection for Cognitive Radio”, IEEE, 2009. 

[29] D. Sun, T. Song, M. Wu, J. Hu, J. Guo and B. Gu, “Optimal Sensing Time of Soft Decision Cooperative 

Spectrum Sensing in Cognitive Radio Networks”, IEEE wireless communication and networking 

conference, pp:4124-4128, 2013. 

[30] A. Wisniewska,“ Spectrum sharing in Cognitive Radio Networks: A Survey”, master thesis, City 

University of New York Graduate Center, New York, 2014. 

[31] M. Elalem, L. Zhao, and Z. liao, “Interference Mitigation using Power Control in Cognitive Radio 

Networks”, In Proc. IEEE Vehicular Tech. Conf. (VTC), Taipei, Taiwan, May 2010. 

[32] F. Digham, M. Alouini, and Marvin K. Simon, “On the energy detectionof unknown signals over fading 

channels”, IEEE TR. On Comm., Vol. 55, January 2007. 

[33] Kh. Ben Letaief and W. Zhang, “ Cooperative Communications for Cognitive Radio Networks”, IEEE, 

Vol: 97, No: 05, pp: 878-893, 2009. 



75 
 

[34] M. Subhedar and G. Birajdar, “Spectrum Sensing Techniques in Cognitive Radio Networks: A Survey”, 

International Journal of Next-Generation Networks, Vol: 03, No: 02, pp: 37-51, 2011. 

[35] Souza P, Souza V and Silveira LF, “Analysis of Spectral Sensing Using Angle-Time 

Cyclostationarity”. Sensors (Basel). 2019, 19(19):4222. Published  2019  Sep  28. doi:10.3390/s19194222 

[36] Yingqi Lu, “Cooperative Sensing Algorithm and Machine Learning Technique in Cognitive Radio 

Network” , a thesis submitted to the faculty of graduate studies in partial fulfillment of the requirements 

for the degree of master of science department of electrical and computer engineering , 2015. 

[37] K. M. Thilina, K. W. Choi, N. Saquib, and E. Hossain, “Machine learning techniques for cooperative 

spectrum sensing in cognitive radio networks,” IEEE Journal on selected areas in communications, vol. 

31, no. 11, pp. 2209–2221, 2013. 

[38] H. N. Abdallah and H. Sami, “Improvement of Energy Efficiency in Cognitive Radio Networks”, Master 

thesis, Al Nahrain University, Iraq, 2016. 

[39] M. Abdulsattar and Z. Hussein,“ Energy Detection Technique for Spectrum Sensing in Cognitive Radio: 

A Survey”, International Journal of Computer Networks & Communications, Vol: 04, No: 05, pp: 223-

242, 2012. 

[40] N. Raghi,“ Implementation of Spectrum Sensing Techniques for Cognitive Radio Systems”, PhD thesis, 

Brunel University, United Kingdom, 2011. 

[41] Idris A. Yusuf, “Optimizing Cooperative Spectrum Sensing in Cognitive Radio Networks using 

Interference Alignment and Space-Time Coding”, a thesis submitted to the university of hertfordshire in 

partial fulfilment of the requirements for the degree of doctor of philosophy the programme of research 

was carried out in the science and technology research institute (stri), university of hertfordshire, united 

kingdom, 2017. 

[42] M. Ibnkahla, “Cooperative Cognitive Radio Networks”, Queens’s University, Kingston, Canada, 2015. 

[43] Rit and A. Seehra,“ Advanced Energy Detector Based Cooperative Spectrum Sensing In Cognitive 

Networks”, MATEC Web of Conferences, 2016. 

[44] H. Sun,“Collaborative Spectrum Sensing in Cognitive Radio Networks”, PhD thesis, The University of 

Edinburgh, 2011. 

[45] Adams,“ Source Localization in A Cognitive Radio Environment Consisting of Frequency and Spatial 

Mobility”, master thesis, Naval Postgraduate School, California, 2011. 

[46] D.Teguig, B.Scheers, and V.LeNir, “Data Fusion Schemes for Cooperative Spectrum Sensing in 

Cognitive Radio Networks”, Military Communications and Information Systems Conference 

(MCC'2012), 2012. 

[47] Sh. Hossain, M. Rahman, M.Abdullah and M.Alamgir,“ Hard Combination Data Fusion for Cooperative 

Spectrum Sensing in Cognitive Radio”, International Journal of Electrical and Computer Engineering, 

Vol: 02, No: 06, pp: 811-818, 2012. 

[48] Sh. Hossain, M. Mamunur, N. Islam and A. Al-Mashud,“ Study the One-bit Hard Combination Scheme 

on Cognitive Radio Users”, I. J. Computer Network and Information Security, pp: 51-57, 2013. 

[49] Wrait Prawatmuang, “Cooperative Spectrum Sensing for Cognitive Radio”, Ph.D Dissertation, University 

of Manchester, 2013. 



76 
 

[50] J. Ma, G. Zhao and Y. Li,“ Soft Combination and Detection for Cooperative Spectrum Sensing in 

Cognitive Radio Networks”, IEEE transactions on wireless communication, Vol: 07, No: 11, pp: 4502-

4507, 2008. 

[51] N. Naik , “Analysis of Spectrum Sensing schemes through TMS320c6713DSK for Cognitive Radio 

Networks”, master thesis, National Institute of Technology, Rourkela, 2015. 

[52]  X. Wang, M. Jia, Q. Guo, and X. Gu,“ A Soft Decision Rule for Cooperative Spectrum Sensing in 

Mobile Cognitive Radio Networks”, Globecom Workshops (GC Wkshps), IEEE, San Diego, CA, USA, 

2015. 

[53] J. Yang and H. Zhao,“ Enhanced Throughput of Cognitive4Radio Networks4by Imperfect Spectrum 

Prediction”, 4IEEE communications letters, Vol: 19, No: 10, pp: 1738-1741, 2015. 

[54] A. Waheed, H. Yang, and Ch. Lee,“ Maximizing Throughput with Wireless Spectrum Sensing Network 

Assisted Cognitive Radios”, International Journal of Distributed Sensor Networks, Vol: 13, No: 11, 2015. 

[55]  X. Liu, W. Zhong, L. Ye and Q. Li, “Joint Optimal Sensing Time and Number of Cooperative Users in 

OR-RULE Cooperative Spectrum Sensing”, Wireless Communications & Signal Processing (WCSP), 

International Conference on, Hangzhou, China, 2013. 

[56] Y. Feng, L. Song, and B. Jiao,“ Adaptive Multi-Channel Spectrum Sensing Throughput Tradeoff”, 

Communication Systems (ICCS), IEEE International Conference on, pp: 250-254, 2012. 

[57] H. Yu, W. Tang and Sh.Li, “ Optimization of cooperative spectrum sensing with sensing user selection in 

cognitive radio networks”, Electrical, Electronics, and Optimization Techniques (ICEEOT), International 

Conference on, Chennai, India, 2011. 

[58] Sh. Dahal and N.Adhikari, “Performance Analysis of Throughput Maximization Techniques in Cognitive 

Radio using Cooperative Spectrum sensing”, Proceedings of IOE Graduate Conference, pp: 399-405, 

2014. 

[59] D. Shailesh, A. Nanda and A. Nashib, “ Performance Analysis of Throughput Maximization Techniques 

in Cognitive Radio Network Using Energy Detection Based Cooperative Spectrum Sensing”, Research 

Journal of Engineering Sciences, Vol: 4(4), pp: 16-25, 2015. 

 
 


