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ABSTRACT 

 

As more and more wireless systems are being developed in order to operate in 

crowded spectrum bands, radio spectrum is being used inefficiently or is 

underutilized. Most of the spectrum has been allocated to specific users, while 

other spectrum bands that haven’t been assigned are overcrowded because of 

overuse. However, most of the allocated spectrum is idle sometimes; it has been 

observed that a large part of the allocated spectrum is underutilized. The solution 

to this problem is Cognitive Radio. Cognitive radio senses the radio spectrum 

and collect information from the past behavior of the primary user. It detects the 

spectrum hole of the same bandwidth as required by the SU and allocates the 

spectrum dynamically without interfering with primary user. There are many 

techniques which can be used for spectrum sensing such as Energy detection 

(ED), Matched Filter Detection (MFD), and Cyclostationary Feature Detection 

(CFD). Out of these techniques, Energy detection is the best choice for spectrum 

sensing if no prior knowledge about the signal is required. This technique is easy 

to implement but is not suitable for low SNR (signal to noise ratio) environment 

and conditions where noise is uncertain in channel. Matched Filter Detection on 

other hand can detect signals with low SNR, but it requires prior knowledge 

about primary user which limits its application. Cyclostationary feature 

detection is the most suitable choice as compared to ED and MFD. 

Cyclostationary processes are random process for which the second order 

statistics such as mean and autocorrelation change periodically with time. Most 

of the manmade signals are random in nature i.e. they exhibit underlying 

periodicities in their signal structures and hence can be called as cyclostationary 

processes. But many of the technologies that are employed for spectrum sensing 

are based on stationary statistics which uses probabilistic models to analyze 

noise contaminated communication signals and hence are not appropriate for 

received manmade signals. In this work, two main techniques namely Energy 

Detection and Cyclostationary Feature Detection are investigated.  Results show 

that in case of Energy Detection for 10% probability of false alarm, the 

probability of miss is 21%. Then comparison of Energy detection and CFD is 

carried out which shows that CFD reduces probability of miss by 88.57% as 

compared to ED. Then strategy is proposed based on combination of both the 
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techniques for spectrum sensing which outperforms both the existing techniques 

and achieves reduction in probability of miss by 98.33% as compared to ED. 
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CHAPTER-1 

INTRODUCTION 

 
 

1.0 PREAMBLE 

Wireless communication has been the fastest growing segment of the 

communications industry in the last decade. As a result, wireless systems have 

become ubiquitous with several applications (e.g., cellular telephony and 

wireless internet) and various devices (e.g., mobiles, laptops, and tablets). In 

addition, new applications like wireless sensor networks, automated factories, 

smart home appliances, remote telemedicine, and many more are emerging from 

research ideas to concrete systems [1]. With the incredible growth in the number 

of wireless systems and services, the availability of high quality wireless 

spectrum has become severely limited. This can be observed in the following 

graph: 

 

Fig.1.1: Radio spectrum Usage in India [1] 

This has lead to a common belief that the spectrum is a scarce resource and it is 

difficult to find spectrum for new applications. However, actual measurements 

carried out in various countries show that most of the radio frequency spectrum 
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is inefficiently utilized with spectrum utilization mostly in the range of 5%-50% 

[2]. Therefore the real problem is not the spectrum scarcity but the inefficient 

spectrum usage. This inefficiency results from static spectrum allocations, rigid 

regulations, fixed radio functions, and limited network coordination. 

1.1 COGNITIVE RADIO 

Cognitive radios are self-aware and intelligent software which offers an 

alternative to the current system of static spectrum allocation policy by allowing 

an unlicensed user to share the radio spectrum resources with the primary user. 

1.1.1 Definition 

Definition of cognitive radio adopted by the Federal Communications 

Commission (FCC): Cognitive Radio: a radio or system that senses its 

operational electromagnetic environment and can dynamically and 

autonomously adjusts its radio operating parameters to modify interference, 

facilitate interoperability, and access secondary markets [3].  

In cognitive radio terminology, a primary user (PU) is defined as a legacy user 

or a licensed user who has higher rights on particular part of spectrum. Examples 

of licensed technology are Global System for Mobile Communications (GSM) 

[4-5], worldwide interoperability for microwave access (WiMax) [6-7], and 

Long Term Evolution (LTE) [7-8] while examples of legacy technology are 

microphone and wireless local area network (WLAN) [7-9]. On the other hand, 

unlicensed cognitive users with lower priority are defined as secondary users 

(SUs). A SU can access spectral resources of a PU when the PU is not using 

them. However the SU has to vacate the frequency band as soon as the PU 

becomes active so that negligible (or no) interference is caused to the PU. Such 

opportunistic access of the PU resources by the SUs is called as dynamic 

spectrum access. A SU can opportunistically utilize different spectrum holes 

corresponding to different PUs in order to satisfy its bandwidth requirement 

without causing interference to the PUs as shown in Fig. 1.2. 
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Fig.1.2: Spectrum Usage in cognitive radios [3] 

In cognitive radios Spectrum sensing is a key method for dynamic spectrum 

access. Spectrum sensing obtains the information about the radio spectrum and 

identifies idle spectrum. When required bandwidth of hole is available, SUs is 

enabled to explore and exploit the unused PU spectrum. Moreover, it manages 

the level of interference between SUs and PUs. Spectrum sensing can be done 

in two ways: one is called as local detection, where sensing is done by an 

individual S and other is cooperative sensing, where different SUs collaborate 

to detect the presence of a PU. Single-user sensing faces difficulty in 

propagation environments like multipath fading, Doppler spread, and 

shadowing. In such a scenario a SU has to distinguish between a white space 

and a deep fade. Cooperative sensing (CS), on the other hand provides diversity 

gains to tackle the fading and shadowing. CS also increases the SNR gain and 

network coverage, decrease the detection time, and simplifies the detector 

design. 

1.1.2 Applications 

Cognitive radio has numerous revolutionary applications apart from dynamic 

spectrum access. They provide the facility of mobility, optimum performance, 

location services and coexistence of heterogeneous wireless systems. 

1. CR provides location services to help users find train, flights, restaurants, 

rental cars in a new country [10]. 

2. CR detects and inter-operates with different networks like WMAN, 

WLAN, and Bluetooth etc. to provide seamless mobility. 
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3. Cognitive radios optimize the service cost, usage of spectrum, data rates 

and minimization of battery power. 

4. Coexistence of heterogeneous wireless systems in the same frequency 

bands (e.g., IEEE 802.15.4 Zigbee and IEEE 802.11 WLAN) results in 

severe interference caused by different power levels, asynchronous time 

slots, and incompatible MAC and physical layer protocols [11]. This 

interference in turn severely degrades the performance of the coexisting 

wireless systems. Cognitive radio can provide solutions to reduce the 

interference among the coexisting heterogeneous wireless systems and 

improve their performance [11]. 

1.1.3 Components of Cognitive Radio 

Cognitive Radio consists of many highly multidisciplinary and practical 

components [12] like sensors, software technologies and SDR. These are 

discussed below: 

Sensors create awareness about the environment. Such as sensors like biometric 

scanners, microphone, and camera create user awareness by avoiding 

unauthorized user access. It also provides user centric experience in a multiuser 

scenario. Another popular sensor is GPS which provides location awareness and 

enables several useful applications for a cognitive radio.  

Software technologies of cognitive radio include advanced signal processing, 

policy engine, networking protocols and machine learning [13]. Use of spectrum 

is controlled by regulatory body and regulation policies which may vary 

depending on country, time, software, and hardware developers. Advanced 

signal processing finds applications in communications such as channel 

estimation, filtering, equalization, modulation/demodulation, forward error 

correction and sensor signal processing which includes feature extraction, 

pattern recognition, wavelet synthesis and  spectrum analysis.  Policy engine 

helps in adhering to different regulations by having a library of policies in the 

form of downloadable software. Networking protocols enable cooperation 

between different SUs which has the potential of increasing the cognitive radio 

capability. Moreover they may help SUs to coexist with the PUs and the other 

SUs. Examples of networking protocols are routing and medium access 

protocols. Machine learning focuses on automatically learning and making 
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intelligent decisions based on the available information. Examples of machine 

learning approaches are artificial neural networks, reinforcement learning, and 

genetic algorithms.  

A software defined radio or SDR is a radio communication system which 

consists of components (e.g. mixers, filters, amplifiers, 

modulators/demodulators, detectors, etc.) in software using digital signal 

processing (DSP). Therefore to change functions of radio simply modifying or 

replacing software programs need to be done. This flexibility of radio functions 

allows the use of different wireless communication techniques in a single 

portable device making SDR a key enabling technology for cognitive radios. 

Some examples of commercially available SDR are Universal Software Radio 

Peripheral (USRP), USRP2, and FLEX-5000A [14].  

1.2 DYNAMIC SPECTRUM ACCESS (DSA) 

Currently DSA is the most important application of cognitive radios. It has 

attracted lots of interest among policy makers, regulators, network operators, 

and researchers [15]. Fig.1.3 shows the considered scenario for dynamic 

spectrum access where multiple Pus and SUs are coexisting.  

 

 
 

Fig 1.3: Coexistence of multiple primary and secondary user networks 

(homogeneous or heterogeneous) [15]. 

The SU networks opportunistically access the PU bands such that the 

interference caused to the PUs is negligible. The SU networks operating may be 

homogeneous or heterogeneous. Examples of heterogeneous networks 

operating in the same frequency bands are WLAN (IEEE 802.11), Bluetooth, 
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and Zigbee (IEEE 802.15.4). Based on the sharing models or how the PUs share 

the spectrum with SUs.  

1.2.1 Types of DSA 

Dynamic spectrum access can be broadly classified into three types [16]: 

dynamic exclusive use, spectrum commons, and hierarchical access [17].  

In the Dynamic Exclusive use Model, the basic structure of the current 

spectrum policy is kept while introducing flexibility to improve spectrum 

utilization. There are two approaches under this model. First approach is 

spectrum property rights [18], where the license holder can trade spectrum and 

choose technology based on the market trend. Second approach is dynamic 

allocation [18], where spectrum allocation is varied at a faster scale as compared 

to current regulations by using the spectrum usage statistics of the PU in a 

particular location.  

In Spectrum Commons Model, every user has equal rights for using the 

spectrum. This is also called as open spectrum model and has been successfully 

applied for wireless services operating in the ISM (industrial scientific and 

medical) radio band  

In Hierarchical Access Model, SUs can use the primary resources such that the 

interference to the PU is limited. There are three approaches under this model 

[19]: underlay, overlay, and interweave. While the SU utilizes gray spaces for 

the underlay and overlay approaches, the SU utilizes white spaces for the 

interweave approach. For the underlay approach, the SU transmits in the manner 

of ultra wideband (UWB) systems with sufficiently low power to limit the 

interference to the PU. In the overlay approach, SUs use the Partial or full 

knowledge of the PU information like codebooks or transmitted data to boost 

the PU performance and mitigate the interference from the PUs.  

1.2.2 Functions of DSA 

DSA consists of three main functions: spectrum awareness, cognitive 

processing, and spectrum access. Spectrum awareness creates awareness about 

the RF environment while spectrum access provides ways to exploit the 

available spectrum opportunities for efficient reuse. Cognitive processing is the 

intelligence and decision making function that includes several subtasks like 

learning about the radio environment, designing efficient sensing, and access 
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policies along with managing interference for coexistence of the SU networks 

with the PU networks. Cognitive processing uses spectrum information, 

bandwidth requirement, and regulatory policies as inputs while it provides 

sensing task and spectrum allocations as outputs. Next we present a brief 

overview of these three functions. Fig.1.4 shows these three functions and their 

interactions. 

 

Fig 1.4: Functions of Dynamic spectrum access [19] 

1.2.2.1 Spectrum Awareness 

Spectrum awareness obtains the information about spectrum usage and locations 

of primary users and secondary users in geographical area. Spectrum usage can 

be classified into three categories [19]:  black spaces, gray spaces, and white 

spaces. Black spaces are occupied by high power local interferers; gray spaces 

are occupied by low power interferers, while white spaces are free of any 

interferer excluding ambient noise. The white and gray spaces are the spectrum 

opportunities or spectrum holes, which can be used by the SUs. There may be 

additional dimensions that can be utilized [20]: code, polarization, and angle of 

arrival. In addition to the detection of spectral opportunities, spectrum 

awareness can also provide various other useful information [20] such as radio 

environment map, channel gain map as well as locations and statistics of the 

PUs and SUs.  
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There are two methods of obtaining spectrum awareness: Active method and 

Passive method. In the active method or spectrum sensing, the radios become 

spectrum aware by detecting and estimating the spectrum. Active methods have 

broader application areas and lower infrastructure requirement. In passive 

methods, the information regarding the unoccupied spectrum is provided to the 

SU. For example, use of geolocation, database, and beacons fall into this 

category [21]. Passive methods need support from the PUs who is under no 

obligation to change their operation to aid the SU network. Therefore passive 

methods may be difficult to implement. An alternative 

solution might be to use a dedicated sensor network maintained for creating 

databases and PU information in a geographical location to aid an incoming SU 

[21]. Although the users might have sensing capabilities, such supporting sensor 

network may be necessary in the start-up phase of the cognitive service and in 

rural areas with low population. However the infrastructure requirement in this 

case may be complex and expensive. 

Spectrum Sensing schemes can be classified based on different criteria: 

detection target, architecture, number of primary users, number of secondary 

users, and number of bands to be sensed which are discussed below: 

a)  Target of Detection 

Based on the target for detection, there are two approaches to spectrum sensing: 

detecting the transmitter and detecting the receiver. The receiver is the actual 

victim of the secondary transmissions and detecting the transmitter only gives 

an approximate idea of the location of the receiver. Therefore detecting the 

receiver is an important task. Algorithms for detection of receiver have been 

considered in [22] which exploit the local oscillator power emitted by the RF 

front end of the receivers. However, detecting the receiver may be a demanding 

task as the power of the oscillator leakage is low thereby restricting the reliable 

detection range below 20 m [22].  

b) Architectures 

Sensing can be performed via two different architectures [23]: single and dual 

radio. In single radio, sensing is time multiplexed with the data 

transmission/reception while in dual radio, there is a dedicated RF front-end for 

both sensing and data transmission/reception. Single radio architecture has the 
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advantages of low power consumption and hardware costs over dual radio 

architecture at the cost of sensing accuracy and efficiency. 

c) No. of Bands 

Based on the number of bands to be sensed, sensing can be classified as single-

band and multi-band sensing [24]. There may be a case when there are multiple 

primary users in a given frequency band. For example, there are multiple users 

in a code division multiple access (CDMA) systems while WLAN and 

Bluetooth systems share the same bands. Detection of multiple users has been 

studied in [24] while performance analysis of spectrum sensing in the presence 

of multiple PUs has been done in [24].  

d) No. of SU’s 

Based on the number of secondary users for cooperation, sensing can be 

classified as single-user and multiuser sensing. Multiuser cooperative detection 

has several advantages over single-user detection (or local detection) like 

improved detector performance, increased coverage, and simplified local 

detector design. However these advantages come at the costs of increased 

complexity and overhead.  

e) Priority of Target 

Sensing can also be classified based on the priority of the target: detecting PU 

and detecting SU. Most of the techniques applicable for detecting the PUs are 

also applicable for detecting SUs. Due to the possibility of coordination between 

different SU networks, detecting SUs may be easier especially for the case of 

homogeneous SU networks [25]. Detecting PUs is much more important than 

detecting SUs as the secondary access is permitted only if the interference to the 

PUs is within a tolerable limit. These techniques are applicable to both single 

and dual radio architectures. Without loss of generality, we have assumed 

detection of only PUs in this thesis. 

1.2.2.2 Cognitive Processing 

Cognitive processing is the task of optimizing the sensing and access of the 

spectrum opportunities based on the sensing information, databases of spectrum 

occupancy, and regulatory policies. There are four subtasks of the cognitive 

processing: learning, sensing policy, interference management, and access 

policy. These four subtasks are inter-related to each other and will be discussed 
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in the coming subsections. The cognitive processing function can be 

implemented in a centralized or distributed manner. In the centralized 

implementation, SUs process the observations and send sensing information to 

a centralized entity which performs the cognitive processing. In the distributed 

implementation of cognitive processing, SUs may or may not exchange 

information among each other but implement cognitive processing functionality 

on their own. 

             a) Learning 

Learning is the subtask of estimating the current state and quality of the PU 

channels using experience rather than sensing alone which may be expensive. 

The occupancy and channel quality statistics are estimated in the frequency 

bands which may be favorable for the SUs requesting bandwidth. This helps in 

making efficient sensing policy, interference management, and access policy. 

Assuming there are multiple frequency bands to be scanned, the SUs have to 

decide if they should exploit the identified spectrum opportunities or explore 

new frequency bands in hope of better opportunities at a later instant. Thus 

optimizing the sensing and access policies is similar to a bandit problem often 

encountered in stochastic optimization. Therefore, reinforcement learning 

methods which are often employed for the bandit problem can also be employed 

for designing sensing and access policies in cognitive radio networks [26]. In 

reinforcement learning, the SUs learn from experience and experiments. Thus 

its operation is in between the other two machine learning methods: supervised 

(teacher assisted) and unsupervised learning methods. Sensing and access 

policies based on reinforcement learning methods have been proposed for 

cognitive radios in [27]. 

b)  Sensing Policy 

Sensing policy defines which SUs sense which frequency bands and when. A 

sensing policy is needed as sensing the entire spectrum of interest 

simultaneously is demanding for the hardware and may be energy inefficient. 

Assuming the frequency bands to be sensed are decided or known, the sensing 

policy has two tasks: user selection and sensing scheduling. Although sensing 

scheduling can be implemented individually or collaboratively, user selection is 

specific to cooperative sensing. 
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Sensing scheduling decides which sub-bands will be sensed and when. 

Scheduling helps in improving the efficiency of spectrum exploration. It is 

worth sensing bands which are unused persistently so that the secondary 

throughput is increased while the sensing effort is reduced. As the sensing and 

access policies are closely connected to each other, cooperating SUs can jointly 

optimize the sensing and access efforts. The joint optimization of sensing and 

access policies is much easier in a centralized approach as compared to a 

decentralized approach. Individual sensing policies have been proposed in [27] 

using a decision-theoretic approach by formulating the design of optimal 

sensing policy as a partially observable Markov decision process (POMDP). 

Similarly cooperative sensing policies have been proposed in literature using 

different approaches: negotiation based policy, pseudo random policy, and 

reinforcement learning [28]. 

User selection tells which SUs will participate in the cooperation. It is important 

to choose SUs experiencing independent fading and shadowing effects so that 

maximum diversity gain is achieved. In addition, inclusion of malicious users 

in the group should be avoided to ensure the reliability of the network. User 

selection can be implemented in two ways: centralized and cluster based [29]. 

Grouping different users for cooperation can also be modeled using game 

theory. Depending on the behaviors of different games, behaviors of the SUs 

can be modeled differently: coalitional game [30] and evolutionary games [30].  

c)  Interference Management 

Interference management is important in cognitive radio networks since 

secondary usage is allowed only if the SU interference does not degrade the PU 

quality of service below a tolerable limit [30]. In addition, there may be 

interference between different SU networks due to the lack of coordination 

resulting in substantial reduction of SUs’ throughputs [31]. Interference 

temperature model was introduced by the FCC for quantifying and managing 

the interference [31]. Fig. 1.5 shows the received power of the licensed signal 

transmission as the distance from the transmitter. 
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Fig1.5: Received power of the licensed signal transmission as a function of 

the distance from the transmitter to illustrate the interference 

temperature concept [31] 

In this interference model, each primary receiver has an interference 

temperature limit that defines how much noise and interference it can tolerate to 

guarantee certain quality of service. This creates spectrum opportunities for the 

SUs. Using this model, cognitive radios can measure and model the interference 

environment and adjust their transmission characteristics such that the 

interference to PU is not above the regulatory limits. However, major drawback 

of the model is to measure the interference temperature at the primary receivers 

which is unfeasible in practice. The FCC has abandoned the concept of 

interference temperature as unworkable [32]. At the same time, the FCC has 

also encouraged the researchers to solve the problems related to the interference 

temperature and make it feasible. 

Techniques managing the interference to the PUs can be broadly categorized 

into three groups [32]: interference avoidance, interference control, and 

interference mitigation.  

The interference avoidance approach is same as the interweave approach. The 

effects of errors in the detection of white spaces on the performances of both PU 

and SU network has been studied in [32]. To minimize the interference           

from the SU transmission to a PU becoming active, algorithms using hidden 

Markov model (HMM) to estimate the state of the channel in the next instant 

have been proposed in [33]. The interference control approach is same as the 

underlay approach. Different methods are suggested for limiting the power     
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directed towards the PU: estimating the PU location, spectrum shaping, beam-

forming, and water-filling [33]. In interference mitigation, SUs use the partial 

or full knowledge of the PU information like codebooks or transmitted data 

while operating in gray spaces. The interference mitigation approach is same as 

the overlay approach.  

Interference among the SU networks is also an important concern. Although 

most systems use interference avoidance mechanisms like listen before-talk, 

they are designed to resolve the collisions between homogeneous networks. 

These mechanisms are less effective for heterogeneous networks where the 

employed standards, frame structure, communication protocols, and 

transmission powers are different in addition to the lack of coordination and 

synchronization [34]. 

d) Access Policy 

In the case of cooperating SUs, the problem is how to allocate the available 

channels among the SUs to optimize a given network objective function. Few 

examples of such network objective functions: maximize the sum capacity of 

the secondary network, maximize the minimum capacity for an individual SU 

or minimize the interference to the primary network with constraints on                     

transmit power or/and fairness of resource allocations [34]. Note that the              

design of the access policy is also related with different medium access 

techniques such as time division multiple access (TDMA), frequency division 

multiple access (FDMA), and CDMA. Similarly the access policy is closely 

connected to the sensing policy and both these policies can be jointly optimized 

as done in [35]. 

There are several approaches for designing policies to allocate or access the 

spectrum opportunities. These access policies can be divided into two    

categories [36]: direct access based and dynamic spectrum allocation. The                    

dynamic spectrum allocation policies exploit complex optimization algorithms 

to achieve a global purpose in an adaptive fashion. However they have           

issues of low scalability, negotiation delay and complexity. Examples of 

dynamic spectrum allocation policies are graph coloring scheme, game theory, 

stochastic algorithms, genetic algorithms, and swarm intelligence. The direct 

access based policies do not allow any global network optimization. However 
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they are simple and have low computational cost and latency. The Direct access 

based methods can be further classified as contention based and           

coordination based. In contention based policies, sender and receiver SUs 

exchange their sensing information. Then the pair compares available resources 

and negotiates the channel for communication. Examples involving contention 

based policy are cognitive MAC (COMAC) [36], heterogeneous distributed 

MAC (HDMAC) [36]. In coordination based policies, each SU shares its 

channel usage information with its neighbors to increase sensing reliability      

and improve overall system performance. Example involving              

coordination based access policy is multichannel MAC for cognitive radio 

(MMAC-CR) [36]. 

1.2.2.3 Spectrum Access 

Once the spectrum opportunities are found, several SUs may want to access the 

spectrum opportunities to transmit their data. This may lead to collisions in the 

absence of coordination even when sufficient spectrum opportunities are 

available. In the case of limited spectrum opportunities, collisions between 

different SU transmissions and the resulting interference become unavoidable. 

Spectrum access or spectrum sharing is the task of accessing the unused             

PU spectrum by SUs such that the collisions and interference among different 

SUs are strictly controlled. Thus spectrum access helps in improving    

secondary network throughput [37].Note that spectrum access is different from 

access (or allocation) policy which is part of cognitive processing.            

Spectrum access defines how different SUs access the given spectrum 

opportunities. On the other hand, the spectrum access policy defines which SUs 

access which spectrum opportunities and when. Spectrum access policies       

have been explained earlier and this subsection focuses on spectrum access 

mechanisms. 

Spectrum access can be classified based on the cooperation model used by the 

SUs: cooperative and non-cooperative. Cooperative access schemes require 

coordination among the cooperating SUs. Examples of cooperative spectrum 

access schemes are coordination based multiple access schemes such as TDMA, 

FDMA, CDMA, and orthogonal frequency division multiple access (OFDMA). 

Since SUs may need to transmit over noncontiguous frequency bands,     
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OFDMA is an attractive candidate for medium access in cognitive networks. 

The reconfigurable subcarrier structure of OFDMA allows SUs to efficiently fill 

the spectral gaps left by the PUs without causing significant                      

interference. However the subcarrier spacing and symbol interval need to match 

with the spectral and temporal duration of spectrum opportunities. Moreover, 

there may be adjacent channel interference due to nonlinearity of the 

transmitter’s power amplifier. In the absence of information from other users, 

SU can use non-cooperative access schemes. Although the non-cooperative 

access schemes are easy to implement, the absence of coordination among the 

SUs results in a performance loss compared to the cooperative access schemes.                         

Examples of non-cooperative spectrum access schemes are contention based 

protocols like carrier sense multiple access with collision avoidance 

(CSMA/CA). 

In case of homogeneous secondary networks, both cooperative and non-

cooperative spectrum access techniques are easier to implement as the          

networks have same PHY/MAC protocols. However in case of heterogeneous 

secondary networks, different PHY/MAC strategies may limit the effectiveness 

of the non-cooperative listen-before-talk mechanisms in achieving fairness.     

For example, consider a coexistence scenario between CSMA/CA based   

devices and TDMA based devices. In this case, CSMA/CA devices will back 

off when there are TDMA transmissions while TDMA devices will not           

listen before transmitting. In case of cooperative access schemes, 

communication between the heterogeneous networks is required which limits 

the implementation of cooperative spectrum access schemes among 

heterogeneous networks, Even in case there are mechanisms such as a common 

control channel for sharing relevant coexistence information, a tight 

synchronization is required across all devices belonging to different networks. 

Moreover a negotiation process is involved between different competing 

networks. 

Nowadays, radio systems often require larger bandwidths. In addition, the 

available spectrum opportunities at a given time instant may result from multiple 

PUs and may be scattered in the frequency domain. Therefore to be able to 

provide larger bandwidths in multiuser environment, especially in an 
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opportunistic manner, multi-band operation could allow to perform spectrum 

aggregation or spectrum pooling of multiple spectrum segments from different 

spectrum owners (cellular, satellite, military, etc.) into a common pool [38]. 

Multi-band operation in a multiprimary environment significantly improves the 

spectrum usage in the considered bands [39]. 

1.3 Standardization Efforts 

With the rising interest in cognitive radio technology, wireless standards 

developed recently or currently under development have started incorporating 

cognitive features [40]. IEEE 802.22 is the first worldwide effort to define a 

standardized air interface based on cognitive radio techniques for the 

opportunistic use of TV white spaces (TVWS) [41]. The standard is designed 

for the secondary usage of TVWS on a non-interfering basis so as to prevent 

any harmful interference to the incumbent operation (such as digital TV and 

analog TV broadcasting) and low power licensed devices (such as wireless 

microphones and medical telemetry devices). The primary application of this 

standard is fixed broadband access especially for hard-to-reach, low population 

density areas (typical of rural environments) and thus has a great potential for 

worldwide applicability. Cognitive functionalities included in the standard are 

PU detection, geolocation, coexistence with other WRANs, and frequency 

agility. The implementation of a database is mandatory for PU detection while 

sensing is optional. 

Other standardization initiatives related to cognitive radios are IEEE 802.11, 

dynamic spectrum access networks standards committee (DySPAN - SC), IEEE 

802.16, and IEEE 802.19. IEEE 802.11af standard, which is currently under 

development, aims to define modifications to IEEE 802.11 PHY/MAC for 

TVWS operation [34]. IEEE 802.16h [35] defines modifications to IEEE 802.16 

PHY/MAC for coordinated and uncoordinated coexistence among 

homogeneous or heterogeneous users in an unlicensed band. The DySPAN-SC 

develops standards for radio and spectrum management. It was also formerly 

known as IEEE Standards Coordinating Committee 41 (SCC41) and IEEE 

P1900 standards committee. IEEE 802.19 focuses on coexistence between 

different unlicensed wireless networks in 802.11 group of standards like IEEE 
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802.11 (WLAN), IEEE 802.15 (WPAN), 802.16 (WMAN), 802.22 etc. IEEE 

802.19 task group 1 focuses on wireless coexistence in the TVWS. 
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CHAPTER-2 

LITERATURE REVIEW 

 

W.Y Lee et al. [3] introduced an optimal sensing framework with three different 

functionalities. Firstly, sensing parameter optimization is proposed to maximize 

the sensing efficiency. Secondly, a spectrum selection and scheduling algorithm 

based on opportunistic capacity concept is introduced to extend multi-spectrum 

environment and lastly cooperation sensing is used. 

L. Giupponi et al. [6] proposed a technique called fuzzy based approach for 

spectrum handoff where aggregate interference caused by secondary user to 

primary user is calculated. If this value exceeds threshold then secondary user 

has to initiate spectrum handoff to vacate the channel it is occupying. 

T. Yucek et al. [8] re-examined various aspects and methodologies of spectrum 

sensing. Various challenges related to spectrum sensing are discussed along 

with their possible solutions like cooperative sensing, external sensing 

algorithm and other alternatives. Furthermore, in order to predict PU behavior a 

statistical modeling of network traffic is studied and utilization of these models 

is discussed. 

X. kang et al. [11] designed a model to allocate spectrum to SU when PU is not 

using it and two cases re studied named as perfect sensing case and imperfect 

sensing case. For former case Lagrange dual decomposition is used to achieve 

ergodic capacity and for latter case, an iterative algorithm is applied to achieve 

optimal sensing time and power allocation strategy. It is shown that the SU can 

achieve a significant capacity gain under the proposed model, compared to the 

standard spectrum sensing model. 

D.J. Lee et al. [15] studied the effect of unnecessary spectrum handoff due to 

false alarm and formulated an optimization problem to minimize spectrum 

sensing time of secondary user. Cooperative sensing also reduces the spectrum 

sensing but it increases the energy consumption. This disadvantage is overcome 

by the proposed method in this paper. 

Z. Han et al. [16] designed a model that places spectrum sensing device in the 

network of primary user which detects its activities and handoff the control to 

secondary user when primary user is idle. This technique replaces the expensive 
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sensing device of secondary user and lowers the cost for consumers. The 

performance of the model is analyzed with the theory of Lamé curve. Analysis 

is carried out for collision probability for both the cases of single and multi user 

and a handshake technique is also proposed for the case without a separate 

control channel, for handshakes between the sensing device and the SU. 

W. Zhang et al. [17] implemented cooperative sensing with energy detection 

where multiple cognitive radios are used to detect spectrum holes to optimize 

the performance of detection. In this technique value of detection threshold is 

optimized by using optimal voting-rule. This technique requires fewer no of 

cognitive radios than cooperative sensing and is fast for spectrum sensing for a 

given error bound. 

K.L. Du et al. [18] established an effective spectrum sensing method called as 

adaptive cyclostationary beamforming with for multiple-antenna cognitive 

radio. In this paper, a new spectrum-sensing method is introduced that exploits 

a beamforming algorithm, called as ACS algorithm (i.e. adaptive cross-self-

coherent-restoral). The difficulty of the resultant algorithm is higher than that of 

the energy detector but is smaller than that of the cyclostationary feature 

detection. 

J.F. Segura et al. [19] designed a framework for optimal joint detection and 

parameter estimation using GLRT (generalized likelihood ratio test) and derived 

the related spectrum sensing algorithms by using the statistics of the received 

signal and the prior information on the channel. For slow fading channels an 

iterative GLRT sensing algorithm is used and for fast fading channels non 

iterative GLRT sensing algorithm is developed .The proposed techniques are 

also extended for OFDMA system MIMO system. 

X.Y. Wang et al. [22] introduced a scheme called extended knowledge based 

reasoning (EKBR) for spectrum sensing of MAC layer for cognitive radios. This 

scheme uses prior knowledge about signal to achieve large trade-off between 

transmission rate of data and sensing overhead.  Multi-dimensional absorbing 

Markov chain is used to carry out performance analysis of EKBR. Also 

simulations are carried out to compare the proposed scheme with previous 

techniques which shows that proposed scheme has large throughput as 

compared to previous techniques.  
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T. Do et al. [25] proposed a joint spatial-temporal scheme for spectrum sensing. 

This scheme uses the information of spatial sensing to achieve better results in 

temporal sensing. In earlier techniques either spatial or temporal technique is 

applied for spectrum sensing. To verify the performance of the proposed 

technique, its results are compared to pure spatial and pure temporal sensing 

technique with the help of counting rule and LQ (linear quadratic) detectors. 

R. Wang et al. [26] implemented a technique called as ITC (information 

theoretic criteria) blind method that can effectively sense spectrum with the help 

of prior knowledge. In this method a model is constructed with multiple 

antennas or by oversampling at SU to build an over- determined channel. Then 

a simplified algorithm is introduced to compute decision threshold which has 

reduced the computational complexity compared to the original ITC method. 

Performance of the proposed technique is evaluated with a simulation which 

shows better results as compared to existing blind spectrum sensing methods. 

W.B. Chien et al. [28] performed cooperative sensing with the use of partial FFT 

and frequency diversity in order to conserve energy. To enhance the overall 

detection performance two techniques are proposed namely DRP (detection 

result prediction) and DRM (decision result modification). This technique 

improved the detection performance and saves energy. 

J. Meng et al. [30] proposed a technique of applying compressive sensing on 

collaborative spectrum detection in CR network where each node of cognitive 

radio is equipped with a frequency selective filter to combine information from 

multiple channels, which linearly combines multiple channel information and 

sent to fusion center where decoding of channel occupancy is performed. 

Decoding is performed with two different approaches, one is based on matrix 

completion which collects small number of valid reports to form complete CR 

report in order to recover channel occupancy information and the other is based 

on joint sparsity recovery which reconstructs information based on the fact that 

every channel is observed by multiple CR nodes. 

W. Lee et al. [31] proposed a scheme that has not been proposed in literature 

before. In this method number of spectrum sensing operations performed by 

cognitive terminals is differentiated and no-talk zone of primary user is 

considered to optimize the cooperative spectrum. In this scheme zero forcing is 
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used for simultaneous sensing of spectrum and transmission of data. The 

simulation results shows increase in spectral efficiency of cognitive radio 

especially when sensing is large. 

K.J.R. Liu et al. [33] studied the effect of errors in the spectrum sensing process 

on the performance of the multiple access layers of both primary and secondary 

networks and concluded that using different designs for spectrum sensing and 

the channel access mechanisms can Detroit the performance of both primary and 

secondary networks. So in this paper a joint design of spectrum sensing and 

channel access mechanisms is proposed which uses binary hypothesis testing to 

check the reliability of outcome. Proposed technique achieves significant 

improvement in throughput of both PU and SU networks. 

R. Mahesh et al. [35] proposed a technique for mobile cognitive radio handsets 

based on RDDC (reconfigurable digital down converter) and reconfigurable 

filter. The proposed technique is less complex and highly flexible as compared 

to conventional filter bank approach. In this technique spectrum is rotated using 

RDDC and desired portion is filtered using reconfigurable filter to achieve low 

complexity. Performance of the system is verified using virtex-4 FPGA, it 

shows that propos technique consumes less power, has reduced gate count and 

delay as compared to conventional method. 

S. Stotas et al. [36]  studied outage capacity and TIFR (truncated channel 

inversion with fixed rate) capacity of cognitive radio system under two cases i.e. 

With missed-detection and without missed-detection interference power 

constraints, for both Rayleigh and Nakagami-𝑚 fading channels to protect PU. 

In this paper, various constraints including average transmit power constraints 

peak interference power constraints, average interference power constraints and 

target detection probability constraints are analyzed. Finally, it is shown that 

proposed method achieves higher outage and TIFR capacity compared to 

conventional method. 

S.J. Kim et al. [38] investigated a spectrum sensing algorithms for cognitive 

radio that support QoS (quality of service).In this algorithm, in order to reduce 

sensing delay Multiple bands are sensed in parallel, with a fixed minimum rate 

for transmissions and given outage probability. Interference constraints are also 

imposed to protect PU transmissions. To minimize sensing delay, two 
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algorithms are discussed namely FSS (fixed sample size) and sequential sensing 

algorithms. Simulation results show that sequential sensing has smaller average 

sensing delays than those of FSS sensing. 

J. Kim et al. [41] investigated the performance of opportunistic scheduling in 

uplink CR systems. In this paper, novel optimal and suboptimal scheduling 

schemes are proposed by considering the spectrum sensing reliability and the 

data channel quality simultaneously. It is analyzed that to maximize the capacity 

of SU, the spectrum sensing reliability should be considered. Moreover, MUD 

(multiuser diversity) gain of one of the proposed suboptimal scheduling schemes 

is analyzed, which shows that for uplink CR systems MUD gain  grows 

significantly slower than that of conventional multiuser systems. Analytical and 

simulation results confirm that the proposed technique yield significant 

performance gains compared with conventional opportunistic scheduling. 

N. Pillay et al. [42] presented maximum–minimum-Eigen value and energy-

minimum-Eigen value sensing technique for the Nakagami-m fading channel. 

In this technique many parameters like probability of detection, probability of 

false alarm and threshold are calculated along with simulation results for the 

maximum-Eigen value-to-trace method and the arithmetic-to-geometric-mean 

method. Improved performance is achieved by decreasing the number of 

samples and increasing the numbers of cooperating users. Simulation results 

shows that proposed technique performs better even in noisy environments and 

is better than other schemes. Analytical expressions are also presented. The 

Eigen value detection methods exhibit good performance in noisy environments 

and are matched by their bounds. 

Z. Gao et al. [44] studied potential security threats using collaborative spectrum 

sensing in cognitive radio network. Some of the earlier technique in the same 

field is reviewed. Furthermore, to prevent location privacy leaking, a novel 

privacy preserving framework is proposed and a real-world test-bed is designed 

and implemented to evaluate the system performance. It is shown that proposed 

method can significantly improve the location privacy of SU with a minimal 

effect on the performance of collaborative sensing. 

Y.E. Lin et al. [45] proposed interference-aware spectrum sensing and 

performance is measured in terms of the probability of interference and 
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probability of missed detection for better. Threshold is calculated for both single 

detector and cooperative detectors. To prove the benefits of interference-aware 

metric. Simulation results shows that by allowing SU to maximize its 

opportunity of transmission without interfering PU, the proposed interference-

aware spectrum sensing technique can result in better utilization of the spectrum 

as compared to conventional method. 

S. Maleki et al. [47] designed a censored truncated sequential technique for 

spectrum sensing as an energy-saving approach. To design this technique, 

average energy consumption of each sensor is minimized to a lower bound of 

probability of detection and an upper bound of false alarm rate to control the 

interference to the PU due to miss detection and the network throughput as a 

result of a low false alarm rate. Lastly, the performance of the proposed scheme 

is compared with a fixed sample size censoring scheme under different cases 

and it is shown that that for low-power cognitive radios, proposed technique 

outperforms existing technique. 

J. Lunden et al. [50] proposed a policy which is distributed, multiuser and 

multiband for spectrum sensing based on multi agent reinforcement learning. 

The problem of spectrum sensing is considered as a partially observable 

stochastic game and proposes policy is employed to find a solution. In this 

policy, the SUs are combined to improve the sensing reliability and to distribute 

the sensing tasks among the network nodes. The SUs share their information on 

the frequency bands sensed with their neighbors and a map of spectrum 

occupancy in a local neighborhood is created that maximizes the amount of free 

spectrum. Simulation results show that the proposed sensing policies provide an 

efficient way to find available spectrum in multiuser multiband CR case. 
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CHAPTER-3 

GAPS, OBJECTIVES AND METHODOLOGY 

 

  3.0 GAPS 

1. Work had been done on spectrum identification and detection but 

spectrum tracking and exploitation areas were still unexploited. 

2. Hybrid sensing techniques are not discussed which could be effective 

instead of single technique. 

3. The existing implementation of cognitive radios is very Complex 

4. The spectrum sensing is Time consuming 

5. Existing techniques are power consuming. 

3.1 OBJECTIVES 

1. Study of various spectrum sensing techniques in cognitive radios. 

2. Implementation of Energy Detection and cyclostationary feature 

detection on cognitive radios 

3. Combining Energy Detection and Cyclostationary Feature Detection 

to reduce Probability of False alarm. 

3.2 METHODOLOGY 

Cognitive radio is a very broad and a highly multidisciplinary technology 

involving several fields of research such as smart antennas, hardware 

architectures, signal processing, communication theory, and Medium Access 

Control (MAC), learning mechanisms, dynamic spectrum allocation methods, 

cognitive network architecture, and protocol design. However the main focus of 

this thesis is on the analysis of two detection techniques namely Energy 

Detection and Cuclosatationary Feature Detection and designing of a new 

technique by combining above two techniques. 

The First Goal of this thesis is to develop simple and computationally efficient 

spectrum sensing technique called as Energy Detection. The basic approach 

behind this technique is the power estimation of the licensed user (primary user) 

signal. The performance of the technique is measured with the help 

complementary ROC curve (i.e. 𝑃𝑚 versus 𝑃𝑓 curve). However, this technique 

does not perform well in low SNR. 
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The Second Goal is to develop a better technique which could overcome 

shortcoming of Energy Detection called as Cyclostationary Feature Detection. 

The basic approach of this technique is to use the feature of cyclostationarity to 

calculate cyclic spectrum to determine the presence or absence of Primary User. 

Simulation results are shown to compare the performance of CFD and ED.  

The Third Goal of this thesis is to achieve better results as compared to CFD. 

This is achieved by combining above discussed techniques i.e. Energy Detection 

and CFD. This is proved with the help of a 3D plot of cyclic spectrum which 

shows better results as compared to CFD. Moreover, complementary ROC curve 

is also shown to compare the performance of proposed technique with that of 

ED. 
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CHAPTER-4 

COMBINED SPECTRUM SENSING TECHNIQUE 

 

4.0 COGNITIVE RADIO TECHNIQUES 

There is an important role of spectrum sensing in cognitive radios because there 

is need to continuously sense the spectrum by secondary users in order to check 

the presence of primary users. In this work, two main techniques namely Energy 

Detection and Cyclostationary Feature Detection are investigated. A strategy is 

proposed based on combination of both the techniques for spectrum sensing. 

4.1 THE GENERAL SPECTRUM SENSING PROBLEM 

The basis of spectrum sensing is signal detection. Signal detection is a process 

for identifying the presence of a signal in a noisy environment. It has been 

thoroughly studied since fifties for radar purposes [36].  

 

Figure 4.1: Hypothesis test and possible outcomes with their corresponding 

probabilities [36] 

Signal detection can be carried out with the help of Hypothesis test [36] as 

shown in above figure which can be formulated as follows: 
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Where 𝑦(𝑘) is the sample to be analyzed at each instant 𝑘, 𝑛(𝑘) is noise (not 

necessarily white Gaussian noise) of variance 𝜎2,𝑠(𝑘) is the signal the network 

wants to detect, and 𝐻0 and 𝐻1 are the noise-only and signal plus noise 

hypotheses, respectively. 𝐻0 and 𝐻1 are the sensed states for absence and 

presence of signal, respectively.  

Then, as seen in Fig. 1.6 we can define four possible cases for the detected 

signal: 
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1. Declaring 𝐻0 when 𝐻0 is true (𝐻0|𝐻0); 

2. Declaring 𝐻1 when 𝐻1 is true (𝐻1|𝐻1); 

3. Declaring 𝐻0 when 𝐻1 is true (𝐻0|𝐻1); 

4. Declaring 𝐻1 when 𝐻0 is true (𝐻1|𝐻0). 

Case 2 is known as a correct detection, whereas cases 3 and 4 are known as a 

missed detection and a false alarm, respectively. An ideal signal detector is 

expected to achieve correct detection all of the time, however due to the 

statistical nature of the problem, this can never be achieved. Therefore,          

signal detectors are designed to operate within prescribed minimum error levels. 

The biggest issue for spectrum sensing is missed detections because in that     

case SUs interferes with PUs. Also, the system is expected to have low false 

alarm rate for spectrum sensing so that all possible transmission          

opportunities can be exploited. 

The most important metric to test the performance of the spectrum sensing 

technique is probability of false alarm𝑃𝑓 = 𝑃(𝐻1|𝐻0). The performance of the 

technique is measured in terms of receiver operation characteristics (ROC) 

curves, which plot the probability of detection 𝑃𝑑 = 𝑃(𝐻1|𝐻1)as a function of 

the probability of false alarm 𝑃𝑓 or complementary ROC which plot probability 

of miss detection as a function of probability of false alarm. 

It can be observed in Equation (1) that in order to distinguish  𝐻0 and 𝐻1, a 

reliable way to differentiate signal from noise is required. There are two cases 

where it becomes difficult to distinguish the signal from noise: one is              

where SNR is low and the other is where the statistics of the noise are not well      

known.  

Clearly, in spectrum sensing noise characteristics plays an important role. The 

noise in most of the cases is assumed to be Additive White Gaussian Noise 

(AWGN), as according to Central Limit Theorm many independent            

sources of noise are added. But in reality, the scenario is different as receivers 

modify the noise through processes such as filters, amplifier non-linearities      

and automatic gain controls [37]. 
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Poor performance in a low SNR regime means that all of the techniques 

available are negatively affected by poor channels. In the case of variable 

channel gains, Eq. (1) is rewritten as: 
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Where ℎ(𝑘) is the channel gain at each instant 𝑘. In a wireless radio network, 

since it is reasonable to assume that the spectrum sensing device does not know 

the location of the transmitter, two options arise: 

• A low ℎ(𝑘) is solely due to the path loss (distance) between the 

transmitter and the sensing device meaning that the later is out of range 

and can safely transmit; 

• A low ℎ(𝑘) is due to shadowing or multipath, meaning that the sensing 

device might be within the range of the transmitter and can cause harmful 

interference. 

In the second case, fading causes a critical problem. The effect of the fading is 

discussed in the well known “hidden node” problem [38]. In this problem, the 

spectrum sensing terminal is deeply faded with respect to the transmitting node 

while having a good channel to the receiving node. The spectrum sensing node 

then senses a free spectrum to transmit data such that there is no interference 

with primary user. Thus, fading here introduces uncertainty regarding the 

estimation problem.  

4.2 SPECTRUM SENSING FROM THE COGNITIVE RADIO 

NETWORK PERSPECTIVE 

As discussed above in the general case, for spectrum sensing the only aspect 

which is taken into account is signal detection. In contrast, if seen from a 

cognitive radio perspective spectrum sensing has very strict restrictions imposed 

mainly by the policies these cognitive radio networks face in order to be able to 

operate alongside legacy networks. Some of these restrictions are summarized 

below: 

4.2.1 No Prior Knowledge on the Signal Structure 

Certain part of the spectrum is shared by multiple technologies with the help of 

different protocols, so management of existing multiple technologies as well as 

new technologies that appears appear across the span of the wireless radio 
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spectrum must be managed by Cognitive Radio networks. If the technology   

used is known to the network then this information can be used to                

improve the performance of spectrum sensing for example through the    

detection of known pilot sequences within the signal [39]. However, if the 

technology is not known, even then these networks should be able to          

discover the state of the medium.  

             4.2.2 Sensing Time 

In general, there is compromise between the number of samples and accuracy 

for individual spectrum sensing technique. Since importance is given to Primary 

Users, so for efficient use of spectrum it is required that Secondary Users must 

be designed such that it takes least possible number of received samples to sense 

the available spectrum and  to free the medium as soon as it senses that a Primary 

User has initiated a transmission.  

             4.2.3 Fading Channels 

As discussed earlier, spectrum sensing is particularly sensitive to fading 

environments. Communication systems operate in diverse environments, 

including those prone to fading. Thus, in many situations spectrum sensing 

devices must be able to detect reliably even over heavily faded channels. This 

work has focused in sensing for the fading environment in the non-cooperative 

setting.  

             4.3 NON-COOPERATIVE SENSING TECHNIQUES 

In a realistic spectrum sensing scenario there are situations in which only one 

sensing terminal is available or in which no cooperation is allowed due to the 

lack of communication between sensing terminals. In this section we will 

explore the main single user sensing schemes. 

Single user spectrum sensing approaches have been heavily studied in the 

literature, in part because of the relationship to signal detection. There are 

several classical techniques for this purpose, including the energy detector (ED) 

[40], the matched filter (MF) [41] and the cyclostationary feature detection 

(CFD) [42]. 
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             4.3.1 Detection Techniques 

Three schemes are generally used for detection according to the hypothesis 

model: 

1. When the information of the PU signal is known to the cognitive user, the 

optimal detector in stationary Gaussian noise is the matched Filter (coherent 

detection) since it maximizes the received signal-to-noise ratio (SNR). While 

the main advantage of the matched Filter is that it requires less time to achieve 

high processing gain due to coherency, implementing this type of coherent 

detector is difficult since a SU would need extra dedicated circuitry to achieve 

carrier synchronization with each type of license user. Moreover there may be 

cases in practice where matched Filltering is ruled out due to the lack of 

knowledge about PUs.  

2. If the receiver cannot gather any information about the PU signal, the 

optimum detector is an energy detector (non-coherent detection). Since it is easy 

to implement, and also it is the most general technique since it applies to any 

signal type, recent work on detection of the PU has generally adopted the energy 

detector [43]. It requires minimum information about the signal, including only 

signal bandwidth and carrier frequency. However, the performance of the 

energy detector is susceptible to an uncertainty in the noise power. Another 

shortcoming is that the energy detector cannot differentiate signal types but can 

only determine the presence of the signal. Thus, the energy detector is prone to 

false detection triggered by the unintended signals. 

 3. An alternative detection method is the cyclostationary feature detection [44]. 

Modulated signals are in general coupled with sine wave carriers, pulse trains, 

repeating spreading, hopping sequences, or cyclic prefixes, which result in built-

in periodicity. These modulated signals are characterized as cyclostationary 

signals since their mean and autocorrelation exhibit periodicity. These features 

are detected by analyzing a spectral correlation function. The main advantage 

of the spectral correlation function is that it differentiates the noise energy from 

modulated signal energy, which is a result of the fact that the noise is a wide-

sense stationary signal with no correlation, while modulated signals are 

cyclostationary with spectral correlation due to the embedded redundancy of 

signal periodicity. Therefore, a cyclostationary feature detector can perform 
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better than the energy detector in discriminating against noise due to its 

robustness to the uncertainty in noise power. However, it is computationally 

complex and requires prior knowledge about the PU signal structure and 

significantly long observation time. 

These techniques are discussed in detail below: 

 4.3.1.1 Energy Detection 

Energy detection (ED) is the most optimal choice for the spectrum sensing 

where it is difficult for the CR to get the adequate information about the licensed 

user waveform. The ED is the most suitable choice when the CR has information 

about the power of the random Gaussian noise. The basic approach behind this 

technique is the power estimation of the licensed user (primary user) signal. In 

this technique, energy of the desired transmitted signal is detected then this 

detected energy is compared with a threshold value. The threshold is a pre-

defined value. If the detected energy is below than threshold value then it is 

pretended that the licensed user is not present and the spectrum is free. 

Oppositely, if the detected energy is above the threshold value then it is assumed 

that the spectrum is not free as shown in Figure 1. 

                     

 
Fig.4.2: Block Diagram of Energy Detection Technique [45] 

The block named Energy Detector consist of three main components, these are 

BPF, squaring device, and integrator as shown in fig.4.3 

 
Fig.4.3: Block diagram of Energy Detector [45] 
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Input and output of BPF are 𝑟(𝑡) and 𝑅𝑓(𝑡) respectively. 

        r t hs t n t                                                                                                               (3) 

Where 

𝑠(𝑡) →Detected signal waveform 

𝑛(𝑡) →AWGN noise signal 

ℎ = 0  Under hypothesis H0 (no PU present) 

ℎ = 1Under hypothesis H1 (PU is present) 

The input band-pass filter selects the centre frequency𝑓𝑠, bandwidth of interest 

W and impulse response 𝑓(𝑡) 

     * fR t f t r t                                                                                                              (4) 

Then BPF is followed by a squaring device to measure the received energy and 

an integrator which determines the energy Y of the received signal 𝑟(𝑡) over a 

period T. output Y is compared with threshold value which is given by two 

different distributions for both hypothesis as given below: 
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                                                                                                                (5) 

Where 𝜒2𝑇𝑊
2  is central chi-square distribution with probability distribution 

function given as: 
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                                                                                      (6) 

Where Γ(𝑘 2⁄ ) denotes a gamma function and k is degree of freedom. 

And 𝜒2𝑇𝑊(2𝛾)
2  is conditionally non-central chi-square distribution with probability 

density function given as: 
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Where λ is a non-centrality parameter. 

In order to measure the performance of the applied technique three main 

parameters are calculated. These are: 
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a) False Alarm Probability 

False alarm probability for energy detection is calculated as: 

 
2

   fP Base                                                                                                     (8) 

Where  

Base = 0.01:0.02:1 

b) Probability of Detection  

Probability of detection is given by: 

   *2* , ,d avgP Q SNR m Th i m                                                             (9) 

Where 

m -> Time Bandwidth product 

    1 , ,1 *2fTh i gaminv P i m                                                                                (10) 

c) Probability of Miss 

 Probability of miss is given by: 

1m dP P                                                                                                       (11) 

 

Limitations of Energy detector 

1. The require time to achieve the desire probability of detection may be 

higher. 

2. The detection performance depends on the uncertainty of the noise. 

3. It is impossible to make distinguish between different primary users 

because energy Detector is not able to differentiate between the 

sources of the received energy. 

4. It cannot be used for the detection of spread signals  

5. The computation of the threshold value used for detection is highly 

susceptible for the Variation of the noise levels which leads to a low 

SNR environment. 

4.3.1.2. Cyclostationary Feature Detection 

Most of the signal processing techniques used currently uses probabilistic 

methods to intercept signal i.e. they describe the signal on average as discussed 

in energy detection above, which reduces the amount of data required for 

featuring a signal and deriving information from it. But most of the signals used 
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in communication system varies with time like AM, PM, FM, ASK, FSK etc. 

this requires that the random signal be modeled as cyclotationary, in which the 

statistical parameters vary in time with single or multiple periodicity. 

             4.3.1.2.1 Cyclostationarity 

Consider a signal 

    cos 2x t a t   With  0                                                                  (12) 

If Fourier coefficient of the above signal given by equation below calculated is 

no n zero then the signal is said to exhibit first order periodicity. 

  2j t

xF x t e                                                                                          (13) 

Fourier coefficient of above signal is: 

1

2

j

xF ae                                                                                                    (14) 

In above equation operation is the time averaging operation given by: 

 
2

2

1
 .  lim .

T

T
T

dt
T


                                                                                        (15) 

PSD of above signal is given as: 

   
2

xF f f                                                                                  (16) 

This shows that PSD of 𝑥(𝑡) includes two spectral lines at  𝑓 = 𝛼 and 𝑓 = −𝛼. So 

a signal is said to be cyclostaionary signal if its Fourier coefficient is non         

zero and its non linear transformation produces spectral lines. Implementation 

of CFD is discussed below: 

Block diagram of CFD is shown in Fig.4.5;  

 

Fig.4.4: Block diagram of Cyclostationary Feature Detection [47] 
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Input signal is passed through a window to limit the length of the signal. It is 

then multiplied with complex exponentials say A1 and A2. Then N-point FFT 

of both A1 and A2 is calculated and conjugate of A2 is carried out. In next step 

these two signals are again multiplied and finally correlation and averaging is 

done to get cyclic spectrum as output.  

Limitations of the Cyclostationary detection 

The CFD is more robust to uncertain levels of noise and gives much better 

performance in low SNR regions. However, this technique has its own 

limitations: 

1. High computational complexity. 

2. Long Sensing Time 

3. senses spectrum over a small range of frequency 

4.4 COMBINATION OF ED AND CFD 

In the combined technique first an ASK signal is generated and energy detection 

method is applied on the signal. In energy detection power of the signal is 

calculated for AWGN channel and this signal is then fed to cyclostationary 

feature detection to obtain cyclic spectrum. 

Cyclostationary processes are random process for which the second order 

statistics such as mean and autocorrelation change periodically with time [49]. 

A zero-mean continuous signal 𝑥(𝑡) is called second order (wide sense) 

cyclostationary if its time varying autocorrelation function 𝑅𝑥𝑥(𝑡, 𝜏) defined as: 

      *,xxA t E x t x t                                                                           (17) 

𝐴𝑥𝑥(𝑡, 𝜏) is periodic in time t for each lag parameter τ and it can be represented 

as a Fourier series 

    2, j t

xx xxA t A e 



                                                                               (18) 

Where the sum is taken over integer multiples of fundamental cyclic frequency 

α, for which cyclic autocorrelation function is defined as: 

   
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The Fourier transform of 𝐴𝑥𝑥
𝛼 (𝑡, 𝜏) is called the cyclic spectrum (CS) which is 

defined as: 

    2j f

xx xxC A e d    






                                                                            (20) 

A discrete cyclic autocorrelation function of discrete time signals x[n] with a 

fixed lag l is defined in the similar manner as: 

     
1

* 2

0

1
lim

N
j m m

xx
n

m

A l x m x m l e
N

 


 




                                                      (21) 

 

Where N is the number of samples of signal x[m] and Δm is the sampling 

interval. By applying the discrete Fourier transform to 𝐴𝑥𝑥
𝛼 (𝑙), the cyclic 

spectrum is given as 

    2j fl l

xx xx

l

C f A l e  


 



                                                                             (22) 

4.4.1 Cyclic Spectrum Estimation 

In order to detect and classify signals one of the methods is to estimate its cyclic 

spectrum. In practice there are two algorithms to estimate the cyclic spectrum, 

called the FFT Accumulation Method (FAM) and the Strip Spectral Correlation 

Algorithm (SSCA).Both methods are based on modifications of time smoothed 

cyclic cross periodogram which is defined as 

  *1 1
, lim ,   ,

2 1 2 2
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xyT T T
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n N

C n f X n f Y n f
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     

    
                           (23) 

Where 𝑋𝑇(𝑛, 𝑓 +
𝛼

2
) and 𝑌𝑇

∗(𝑛, 𝑓 −
𝛼

2
) are the complex envelopes of narrow 

band, bandpass components of the signal x[n] and y[n] respectively. These 

complex envelopes are computed in the following way, 
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Where 𝑎(𝑘)is data tapering window of length 𝑇 = 𝑁′ ∗ 𝑇𝑠 seconds and 

sampling period𝑇𝑠. In this paper, the cyclic spectrum estimation is implemented 

by FAM method [49] which is shown below with the help of Fig. 4.7 

 

Fig.4.5 FFT Accumulation Method [50] 

In FAM as shown above input is read and necessary parameters such as 

𝑓𝑠, ∆𝑓 𝑎𝑛𝑑 ∆𝛼 are initialized and𝑁′ =
𝑓𝑠

∆𝛼
. In order to make advantage of FFT 

without using zero-padding we take value of N to the power of 2 equal to or 

larger than the value given by above relation.  Take 𝐿 =
𝑁′

4
 and then the complex 

envelopes are computed efficiently by means of a sliding N’-point FFT followed 

by downshifting of frequency to baseband signal. Then complex conjugate of 

the 

downshifted signal is calculated and the product of complex envelope and its 

conjugate is carried out. Again P-point FFT is calculated where P is given by𝑃 =

𝑓𝑠

𝐿∆𝛼
. 
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CHAPTER-5 

RESULTS AND DISCUSSION 

 

5.0 RESULTS FOR ENERGY DETECTION 

As discussed in section 4.3.1.1, in order to determine the presence of PU using 

Energy Detection, power of the signal is calculated and compared to predefined 

threshold value. In this section, numerical results are presented to evaluate the 

performance for Energy Detection using complementary ROC curve.  

Fig. 5.1 shows plots of complementary receiver operating characteristic (ROC) 

(probability of a miss  𝑃𝑚 versus probability of False Alarm 𝑃𝑓 ) under AWGN 

channel. We assume that average SNR  γ =1 dB and Time Bandwidth product 

m = 5. For given 10 % probability of false alarm, the probability of detection is 

89 % under AWGN channels that means probability of miss is 21% as shown in 

Fig. 5.1. 

 

Fig.5.1: Complementary ROC under AWGN  

As discussed above in chapter 4 that limitation of Energy Detection technique 

is that its performance decreases at low SNR. This is shown in Fig. 5.2 below 

where complementary ROC curve of ED is plotted for different values of SNR 

=1, 3, 5. 
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Fig. 5.2: Plot of ED for different values of SNR 

Fig. 5.2 shows complementary Region of Convergence plot for Energy 

Detection. It can be observed that as we decrease the SNR, the performance of 

ED degrades. For
210fP  , SNR=5, mP obtained is 0.95, as we increase the 

SNR=3 probability of miss is increased by 76.25% and further to 86.42% for 

SNR=1. 

5.1 RESULTS FOR CYCLOSTATIONARY FEATURE DETECTION 

Before employing the cyclostationary feature extraction method to identify the 

cyclostationary signatures of the signal, it is important to show the 

characteristics of the ASK signal which is used as an input signal. It is assumed 

that carrier frequency is 30 Hz, pulse frequency is 5 Hz and amplitude of the 

wave is 3.This is shown in Fig. 5.3 below: 

 

Fig. 5.3: Generation of ASK signal 
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This signal is passed through window to limit the length of the signal. Then N-

point FFT is carried out followed by correlation and averaging of the signal to 

obtain cyclic spectrum as shown in Fig.5.4 below: 

                    
Fig. 5.4: Cyclic Spectrum of CFD 

Fig. 5.4 shows a 3D plot plotted for three parameters namely Cyclic Spectrum, 

Frequency and Cyclic Frequency. The plot shows the presence of primary user 

at alpha=0, for a small range of frequency with Cyclic spectrum value= 0.5 

(approx). However, this technique outperforms Energy Detection at low SNR 

which is shown in Fig.5.5 below: 

 
Fig. 5.5: Comparative results of ED and CFD 

Fig 5.5 shows comparative results of Energy detection and Cyclostationary 

Feature Detection with complementary ROC curve between probability of miss 

and probability of false alarm for different values of SNR. In above plot,        

black dotted line represents ED and blue dotted line represents CFD for    
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SNR=1. It can be clearly observed that for same low value of SNR=1, 𝑃𝑓 =

10−2 , 𝑃𝑚 for CFD is reduced by 88.57% as compared to ED. Moreover CFD 

plots are also obtained for higher values of SNR=1, 3, 5 and it is observed that 

CFD gives better results as we increase SNR. 

But as discussed above that limitation of CFD is that it senses for a very small 

range of Frequency so to overcome this problem a new technique is propose 

based on the combination of above two techniques and simulation results are 

discussed below. 

5.2 RESULTS FOR COMBINED TECHNIQUE 

In this section two techniques are combined i.e ED and CFD to obtain better 

results compared to both the techniques. This technique is implemented using 

FAM algorithm. Firstly, the simulation results obtained for the combined 

technique are compared with that of Cyclostationary Feature Detection with the 

help of 3D plot obtained for following simulation parameters shown in Table-I: 

TABLE-I: SIMULATION PARAMETERS 

Parameter Description 

𝑓𝒔 = 8192 𝐻𝑧 Sampling Frequency 

∆𝑓 = 512 𝐻𝑧 Desired Frequency 

Resolution 

∆𝛼=16 Desired Cyclic 

Frequency Resolution 

 

Above table shows value of three parameters i.e Sampling Frequency, Desired 

Frequency Resolution and Desired Cyclic Frequency Resolution which are 

assumed for ASK signal. These values are used to calculate Cyclic Spectrum 

of the combined plot as shown below:  
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Fig.5.6 Comparative results of Combined Technique and CFD 

It can be clearly observed in Fig. 5.6 that combined technique is able to detect 

the same signal for quite a wide range of frequency as compared to CFD.   

In order to carry out a comparison between the proposed combined technique 

and energy detection (ED), simulations are carried out in AWGN environment 

for the case 𝛿2 = 1 and L=1. The results indicate that better performance can be 

achieved in proposed combined technique compared to the conventional energy 

detector as shown in Fig. 5.7. 

 

Fig. 5.7 Comparison of Energy detection and combined technique 
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Complementary ROC curve shows plot of energy detection with dotted black 

line and combined technique with solid red line. As shown in graph for 𝑃𝑓 =

10−2, probability of miss is reduced by 98.33 % by using combined technique 

which again proves that proposed technique is better than CFD (which reduced 

probability of miss by 88.57%). 
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CHAPTER-6 

CONCLUSION & FUTURE SCOPE 

 

 

CONCLUSION          

To effectively utilize the wireless spectrum Cognitive Radios were introduced 

which utilizes the unused spectrum in the wireless channel. The most essential 

aspect of a cognitive radio system is spectrum sensing and various sensing 

techniques which it uses to sense the unused spectrum. In this work, in order to 

sense spectrum effectively two methods are discussed namely Energy Detection 

and Cyclostationary Feature Detection. Each of these techniques has their own 

shortcomings which have been overcome by proposing Combined Technique. 

Energy detection technique is very easy to implement but it cannot distinguish 

different PUs and SUs. Moreover, ED underperforms in low SNR. This is shown 

with the help of ROC curve in Fig.5.2 where different curves are plotted for 

different SNR=1, 3, 5. This problem is overcome by Cyclostationary Feature 

Detection where cyclic spectrum of the signal is calculated. However, CFD is 

complex and time consuming but shows better results than Energy Detection. 

Simulation results are obtained for individual techniques i.e. Energy Detection 

and Cyclostationary Feature Detection. Results obtained for ED shows that for 

10% probability of false alarm, the probability of miss is 21% as shown in 

Fig.5.1whereas It has been clearly observed in Fig.5.5 that for same low value 

of SNR=1, 𝑃𝑓 = 10
−2 , 𝑃𝑚 for CFD is reduced by 88.57% as compared to ED. 

But it is observed in Fig.5.4 that CFD senses the spectrum over a small range of 

frequency. In order to overcome the shortcomings of CFD, a combined 

technique has been proposed which as its name suggest combines above 

discussed two techniques to get better results compared individual techniques. 

This is supported with the help of simulation results shown in Fig.5.6 which 

shows comparative results of proposed technique and CFD. It has been observed 

that combined technique senses over a wide range of frequency as compared to 

CFD. Also ROC curve is shown in Fig.5.7 to compare the results of Combined 

Technique with ED. It has been observed that for 𝑃𝑓 = 10
−2, probability of miss 

is reduced by 98.33 % by using combined technique which again proves that 
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proposed technique is better than CFD (which reduced probability of miss by 

88.57).  

 

FUTURE SCOPE 

1. Wavelet detection technique can be implemented for spectrum 

sensing. 

2. Spectrum sensing can also achieve good results using cooperative 

sensing. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



46 
 

REFERENCES 

[1] Y. Liang and Y. Zeng, “Sensing-throughput trade-off for cognitive radio 

networks,” IEEE Transactions on Wireless Communications, vol. 7, no. 

4, pp.  1326−1337, 2008. 

[2] J. Mitola and G.Q. Maguire, “Cognitive radios: making software radios 

more personal,” IEEE Personal Communications, vol. 6, no. 4, pp. 13-18, 

1999. 

[3] W. Y.  Lee and I. F. Akyildiz. “Optimal Spectrum Sensing Framework for 

Cognitive Radio Networks,” IEEE Transactions on wireless 

communications, vol. 7, no. 10, pp. 3845-3857, 2008. 

[4] S. Shankar, C. Cordeiro, and K. Challapali, “Spectrum agile radios: 

utilization and sensing architectures,” In Proceeding of IEEE 

International Symposium on New Frontiers in Dynamic Spectrum Access 

Networks, Baltimore, Maryland, USA, pp. 160–169, 2005. 

[5]  W. A. Gardner, “Cyclostationarity in communications and signal 

processing,”IEEE Press, Piscataway, New Jersey, Edition.2, 1994. 

[6] L. Giupponi and A. I. Pérez-Neira. “Fuzzy-based Spectrum Handoff in 

Cognitive Radio Networks,” 3rd International conference on Cognitive 

radio oriented Wireless Network and communications, pp. 1-6, 2008. 

[7] H. Urkowitz, “Energy detection of unknown deterministic signals,” 

Proceedings of the IEEE, vol. 55, no. 4, pp. 523−531, 1967. 

[8] T. Yucek and H. Arslan. “A Survey of Spectrum Sensing Algorithms for 

Cognitive Radio Applications,” IEEE Communications surveys & 

tutorials, vol. 11, no.1, pp.  116-130, 2009. 

[9] S. Wang, B. Zhang, H. Liu and L. Xie, “Parallelized Cyclostationary 

Feature Detection on a Software Defined Radio Processor,” In 

Proceedings of the International Symposium on Signals Systems and  

Electronics, vol.1, pp.1-4, 2010. 

[10] H. Kim and K.G. Shin, “Efficient discovery of spectrum opportunities 

with Mac layer sensing in cognitive radio networks”, IEEE Transactions 

on Mobile Computing, vol. 7, no. 5, pp. 533-545, 2008. 



47 
 

[11] X. Kang, Y. C. Liang, H. K. Garg, and L. Zhang. “Sensing-Based 

Spectrum Sharing in Cognitive Radio Networks” IEEE Transactions on 

Vehicular Technology, vol. 58, no. 8, pp. 4649-4654, 2009. 

[12] Z. Sun, J. N. Laneman, and G. Bradford, “Sequence detection algorithms 

for dynamic spectrum access”, IEEE Symposium on New Frontiers in 

Dynamic Spectrum Access, pp. 1-9, 2010. 

[13] A. Tkachenko, D. Cabric, and R. W. Brodersen, “Cyclostationary feature 

detector experiments using reconfigurable BEE2”, IEEE International 

Symposium on New Frontiers in Dynamic Spectrum Access Networks, pp. 

216-219, 2007. 

[14] N. Yadav, S. Rathi, “Spectrum sensing techniques: research, challenge 

and limitations”, International Journal of Electronics and 

Communication Technology, vol. 2, no. 4, pp. 240-245, 2011. 

[15] D. J. Lee and M. S. Jang. “Optimal Spectrum Sensing Time Considering 

Spectrum Handoff due to False Alarm in Cognitive Radio Networks,” 

IEEE Communications letters, vol. 13, no. 12, pp. 899-901, 2009. 

[16] Z. Han, R. Fan, and H. Jiang. “Replacement of Spectrum Sensing in 

Cognitive Radio,” IEEE Transactions on wireless communications, vol. 

8, no. 6, pp. 2819-2826, 2009. 

[17] W. Zhang, R. K. Mallik, and K. B. Letaief. “Optimization of Cooperative 

Spectrum Sensing with Energy Detection in Cognitive Radio Networks” 

IEEE Transactions on wireless communications, vol. 8, no. 12, pp. 5761-

5766, 2009. 

[18] K. L. Du, and W. H. Mow. “Affordable Cyclostationarity-Based 

Spectrum Sensing for Cognitive Radio with Smart Antennas,” IEEE 

Transactions on vehicular technology, vol. 59, no. 4, pp. 1877-1886, 

2010. 

[19] J. F. Segura and X. Wang. “GLRT-Based Spectrum Sensing for Cognitive 

Radio with Prior Information,” IEEE Transactions on communications, 

vol. 58, no. 7, pp. 2137-2146, 2010. 

 

 



48 
 

[20] S. A. Malik, M. A. Shah, A. H. Dar, A. Haq, A. U. Khan and T. Javed, 

“Comparative analysis of primary transmitter detection based on 

spectrum sensing techniques,” Australian Journal Of Basics And  Applied 

Sciences, vol. 4, pp. 4522-4531, 2011. 

[21] A. Fehske, J. Gaeddert, and J. H. Reed, “A new approach to signal 

classification using spectral correlation and neural networks”, IEEE 

International Symposium on New Frontiers in Dynamic Spectrum Access 

Networks, pp. 144 –150,2005. 

[22] X. Y. Wang, A. Wong, and P. H. Ho. “Extended Knowledge-Based 

Reasoning Approach to Spectrum Sensing for Cognitive Radio,” IEEE 

Transactions on mobile computing, vol. 9, no. 4, pp. 465-478, 2010. 

[23] E. Candes and M. Wakin, “An introduction to compressive sampling”, 

IEEE Signal Processing Magazine, vol. 25, pp. 21-30, 2008. 

[24] A. Al-Mamun, M. Rafiq Ullah, “ Cognitive Radio for Short Range 

Systems based on Ultra-Wide Band”,  Department of Signal Processing,  

Blekinge Institute of Technology, vol. 2, pp.1-61,2011. 

[25] T. Do and B. L. Mark. “Joint Spatial-Temporal Spectrum Sensing for 

Cognitive Radio Networks,” IEEE Transactions on Vehicular 

Technology, vol. 59, no. 7, pp. 3480-3490, 2010. 

[26] R. Wang and M. Tao. “Blind Spectrum Sensing by Information Theoretic 

Criteria for Cognitive Radios,” IEEE Transactions on Vehicular 

Technology, vol. 59, no. 8, pp. 3806-3817, 2010. 

[27] Y.W. Jing, Z.B. Yu, M.Q. Min and Y.W. Jie, “Combined energy detection 

and one-order cyclostationary feature detection techniques in cognitive 

radio systems”, The Journal of China Universities of Posts and 

Telecommunications, vol. 17, no. 4, pp.18-25, 2010. 

[28] W. B. Chien, C. K. Yang, and Y.H. Huang. “Energy-Saving Cooperative 

Spectrum Sensing Processor for Cognitive Radio System,” IEEE 

Transactions on circuits and systems I regular papers, vol. 58, no. 4, pp. 

711-723, 2011. 

[29] P. K Verma, Prof. R. L. Dua, “A Survey on Cyclostationary Feature 

Spectrum Sensing Technique”, International Journal of Advanced 



49 
 

Research in Computer Engineering & Technology, vol. 1, no. 7, pp. 550-

553, 2012. 

[30] J. Meng, W. Yin, H. Li, E. Hossain, and Z. Han. “Collaborative Spectrum 

Sensing from Sparse Observations in Cognitive Radio Networks,” IEEE 

Journal on selected areas in communications, vol. 29, no. 2, pp. 327-337, 

2011. 

[31] W. Lee, and D. H. Cho. “Enhanced Spectrum Sensing Scheme in 

Cognitive Radio Systems with MIMO Antennae,” IEEE Transactions on 

Vehicular Technology, vol. 60, no. 3, pp. 1072-1085, 2011. 

[32] S. Haykin, “Cognitive radio: brain empowered wireless 

communications,” IEEE Journal of selected areas communications” vol. 

23, no. 2, pp. 201-220, 2005. 

[33] A. A. El-Sherif and K. J. R. Liu. “Joint Design of Spectrum Sensing and 

Channel Access   in Cognitive Radio Networks,” IEEE Transactions on 

wireless communications, vol. 10, no. 6, pp. 1743-1753, 2011. 

[34] I.F Akyildiz, W.Y Lee, M.C Vuran, and S. Mohanty, “Next 

generation/dynamic spectrum access/cognitive radio wireless networks: a 

survey,” Computer Networks, vol. 50, no. 13, pp. 2127-2159, 2006. 

[35] R. Mahesh and A. P. Vinod. “A Low-Complexity Flexible Spectrum-

Sensing Scheme for Mobile Cognitive Radio Terminals,” IEEE 

Transactions on Circuits and Systems—Ii: Express Briefs, vol. 58, no. 6, 

pp. 371-375, 2011. 

[36] S. Stotas and A. Nallanathan. “On the Outage Capacity of Sensing-

Enhanced Spectrum Sharing Cognitive Radio Systems in Fading 

Channels,” IEEE Transactions on communications, vol. 59, no. 10, pp. 

2871-2882, 2011. 

[37] A. Dandawate and G. Giannakis, “Statistical tests for presence of 

cyclostationarity”, IEEE transaction on signal processing, vol. 42, no. 

9.pp. 2355-2369, 1994. 

[38] S. J. Kim, G. Li, and G. B. Giannakis “Multi-Band Cognitive Radio 

Spectrum Sensing for Quality-of-Service Traffic,” IEEE Transactions on 

wireless communications, vol. 10, no. 10, pp. 3506-3515, 2011. 

[39] J.G. Proakis, Digital communications, 4th Ed.pearson Prentice Hall, 2001. 



50 
 

[40]  A. Fehske, J. Gaeddert, and J. H. Reed, “A new approach to signal 

classification using spectral correlation and neural networks, in New 

Frontiers in Dynamic Spectrum Access Networks,” IEEE International 

Symposium on New Frontiers In Dynamic Spectrum Access Networks, pp. 

144 –150, 2005. 

[41] J. Kim, Y. S. Tae Won Ban and R. Schober. “Effect of Spectrum Sensing 

Reliability on the Capacity of Multiuser Uplink Cognitive Radio 

Systems,” IEEE Transactions on Vehicular Technology, vol. 60, no. 9, 

pp. 4349-4362, 2011. 

[42] N. Pillay and H.J. Xu. “Blind eigenvalue-based spectrum sensing for 

cognitive radio networks,” Published in IET Communications, vol. 6, no-

11, pp. 1388–1396, 2012. 

[43] S. Shankar, C. Cordeiro, and K. Challapali, “Spectrum agile radios: 

utilization and  sensing architectures,” in Proceedings of IEEE 

International Symposium on New Frontiers in Dynamic Spectrum Access 

Networks, Baltimore, Maryland, USA,  pp. 160–169,2005. 

[44] Z. Gao, H. Zhu, S. Li, and S. Du. “Security and Privacy of Collaborative 

Spectrum Sensing In Cognitive Radio Networks,” IEEE journal on 

Wireless Communications, vol. 19, no. 6, pp. 106-112, 2012. 

[45] Y. E. Lin, K. H. Liu, and H. Y. Hsieh. “On Using Interference-Aware 

Spectrum Sensing for Dynamic Spectrum Access in Cognitive Radio 

Networks,” IEEE Transactions on mobile computing, vol. 12, no. 3, pp. 

461-474, 2013. 

[46] S. Atapattu, C. Tellambura, and H. Jiang, “Energy Detection Based 

Cooperative Sensing in Cognitive Radio Networks,” IEEE Transactions 

on Wireless Communications, vol. 10, no. 4, pp.1232-1241, 2011. 

[47] S. Maleki and G. Leus. “Censored Truncated Sequential Spectrum 

Sensing for Cognitive Radio Networks,” IEEE Journal on selected areas 

in communications, vol. 31, no. 3, pp. 364-378, 2013. 

[48] S.J. Shallhammer, “Spectrum Sensing in IEEE 802.22,” In Proceedings 

of 2008 IAPR Workshop on Cognitive Information Processing, 2008. 



51 
 

[49] S. Srinivasa and S.A Jafar, “Soft Sensing and Optimal Power Control for 

Cognitive Radio,” IEEE Transactions on Wireless Communication, vol. 

9, pp. 3638-3649, 2010. 

[50] J. Lundén, S. R. Kulkarni, V. Koivunen, and H. V. Poor. “Multiagent 

Reinforcement Learning Based Spectrum Sensing Policies for Cognitive 

Radio Networks,” IEEE Journal of Selected Topics in Signal Processing, 

vol. 7, no. 5, pp. 858-868, 2013. 

 

 

 

 

 

 

 

 

 

  



52 
 

 LIST OF PUBLICATIONS 

[1]  R. Gill, A. Kansal, “Combined Spectrum sensing Technique for Cognitive 

Radios,” Defence Science Journal (Communicated).  
[2] R. Gill, A. Kansal, “Comparative Analysis of Energy Detection and 

Cyclostationary Feature Detection,” International Journal of Advanced 

Research in Electrical, Electronics and Instrumentation Engineering 

(communicated). 
[3] R. Gill, A. Kansal, “Techniques for Cognitive Radios: A survey,” In 

Proceedings of the International Conference on Electronics, Communications 

and Information Technology, pp. 53-54, 2013. 

 




