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Abstract 
Cognitive radio systems are helpful to access the unused spectrum using the popular technique, 
referred to as spectrum sensing. Spectrum sensing involves the detection of primary user (PU) 
signal using dynamic spectrum access. Cooperative spectrum sensing takes advantage of the spa-
tial diversity in multiple cognitive radio user networks to improve the sensing accuracy. Though 
the cooperative spectrum sensing schemes significantly improve the sensing accuracy, it requires 
the noise variance and channel state information which may lead to transmission overhead. To 
overcome the drawbacks in conventional cooperative spectrum sensing, this paper proposes a 
fuzzy system based cooperative spectrum sensing. Selection combining (SC) and maximum ratio 
combining (MRC) are used at fuzzy based fusion center to obtain the value of the sensing energy. 
These energy values are utilized in finding the presence of PU, results in improved sensing accu-
racy. In addition, an intelligent fuzzy fusion algorithm determines the PU presence without the 
channel state information based on multiple threshold values. Simulation results show that the 
proposed scheme outperforms the existing schemes in terms of sensing accuracy. 
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1. Introduction 
Cognitive Radio (CR) technology has been introduced to alleviate the spectrum scarcity in wireless communica-
tion. Using this technology, secondary users (SUs) or CR users are allowed to opportunistically access the li-
censed spectrum band of primary users (PUs). In a CR network, SUs must accurately sense the vacant spectrum 
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(spectrum holes) for their transmissions and vacate the frequency band as soon as the Primary Users (PUs) start 
their transmissions [1]-[3]. The main challenge in such systems is to avoid the harmful interference from SUs 
imposed on the PUs in their locality through spectrum sensing. The basic idea behind the spectrum sensing is to 
detect the weak signal of a PU. To overcome some practical concerns of spectrum sensing such as multipath 
fading and hidden PUs, cooperative spectrum sensing has been proposed [4]. In centralized cooperative spec-
trum sensing, each SU sends its local sensing results to a fusion center. The fusion center combines the received 
local information and makes a final decision to detect the absence/presence of the PU. In recent years, coopera-
tive spectrum sensing schemes have been extensively studied in cognitive radio networks [5] [6].  

Various schemes have been proposed in the literature for spectrum sensing. Based on the signal detection, two 
broad categories of sensing techniques are: coherent and non-coherent detection. In coherent detection, the PU 
presence is determined by comparing the received signal with a priori knowledge of PUs. However, non-cohe- 
rent detection techniques do not require any prior knowledge. Figure 1 provides the classification of sensing 
techniques. Three most popular sensing techniques in cooperative sensing are energy detection, cyclostationary 
feature detection, and compressed sensing [6]. 

Cyclostationary feature detection techniques detect the PUs using the periodicity in the received primary sig-
nal [7]. The periodicity is embedded in sinusoidal carriers, spreading code, hopping sequences, or cyclic prefixes 
of the PUs which is not present in stationary noise and interference. Due to this periodicity feature, it is robust to 
noise uncertainties. Though it requires a priori knowledge about the characteristics of signals, CR transmissions 
from various types of PU signals can be distinguished in this scheme [8]. The drawbacks of this technique are 
high computational complexity and long sensing time. Energy detection is a non-coherent detection technique 
that identifies the PU presence using sensed energy [9]. Since the energy detection scheme does not require a 
priori knowledge of PU signals, it is the widely preferred sensing technique in cooperative spectrum sensing. 
However, energy detection has the following limitations. i) The sensing time is usually more to attain a good 
probability of detection. ii) The detection performance may be affected due to uncertain noise power. In spite of 
these shortcomings, energy detection is most popular, because noise uncertainty issues can be minimized by the 
diversity gain achieved due to cooperation. In compressed sensing, wideband sensing consumes large sensing 
delay and requires high computational complexity. 

In most detection techniques, the noise power is supposed to be known for fixing a specific threshold value 
[10]. However the noise power variations cause ambiguity in the process of signal detection. In general, the 
sensing information about the spectrum availability from different SUs is combined at a fusion center (FC). The 
status of the PU signal is decided at this fusion centre. The existing literature on cooperative spectrum sensing is 
based on two important assumptions: i) SUs and FC are familiar about the signal-to-noise ratio (SNR) informa-
tion of the PU signal ii) the detailed information about noise at the SUs. However, it is not easy for SUs to esti-
mate these parameters due to their variation over time. Furthermore, though the SUs are in a position to estimate 
and obtain the information exactly, transmitting local observations to the FC is very much expensive. To over-
come this expensive transmission, the soft combination scheme has been proposed in the literature [11] [12]. It 
assumes that the noise at the SUs has unit variance. Moreover, FC needs to obtain instantaneous SNR of the PU 
signal to make a global decision. This information is necessary to determine the weights and the decision  

 

 
Figure 1. Classification of spectrum sensing techniques.                                    
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threshold but represents a significant transmission overhead. However, soft combining schemes simply perform 
like maximal ratio combining schemes in low SNR conditions. Some of the soft computing based algorithms 
require full idea about SNR and noise level of at all SUs [13]. Some programming based optimal fusion rules 
depend on clear knowledge of noise variance and instantaneous SNRs at energy detectors [14]. 

Authors in [15] presented spectrum sensing techniques for different fading channels. Visotsky et al. [16] pro-
posed AND logic operation for hard decision and likelihood ratio test for providing soft decisions respectively. 
They have proved that the fusion of soft decisions provide better results than the hard decisions. Throughput 
performance of secondary users in cognitive radio network is analyzed in [17]. A single-objective particle 
swarm optimization (PSO) has been proposed by Zheng et al. (2010) for cooperative spectrum sensing with 
higher probability of detection [18]. 

The PSO and soft combining approaches require more information about the detected signals. To reduce the 
amount of transmission information overhead in energy detection schemes, a fuzzy logic can be utilized which 
can process noisy and incomplete input information [19] [20]. For example, a fuzzy inference system has been 
utilized to make soft spectrum sensing decision based on the observed energy at the SUs [21]. The final decision 
is made at the FC on the basis of the local soft decisions of the SUs. In the proposed scheme, each SU measures 
the energy of its received signal in the frequency band of interest and then transmits its observation to the FC 
without any additional information. The FC performs data fusion with an adaptive fuzzy system using online 
learning to determine the fuzzification parameters from the data received. The remainder of this paper is orga-
nized as follows: the fuzzy based system model is introduced in Section 2. Section 3 presents the proposed spec-
trum sensing scheme. Results are provided and discussed in Section 4. Finally, the conclusion of the proposed 
work is provided in Section 5. 

2. Fuzzy Based System Model for Hypothesis Test 
The effective cooperative spectrum sensing can be achieved by the CR system which utilizes the fuzzy logic 
concept. In this section, a fuzzy inference system is introduced that can be useful for spectrum sensing systems 
and system model is explained based on fuzzy hypothesis test. 

i) Fuzzy inference system for Spectrum Sensing 
In cognitive radio networks, fuzzy logic based spectrum sensing is preferred over conventional mathematical 

methods. The fuzzy rule based fusion process provides better results in comparison with conventional AND/OR 
fusion rule is presented in [22] [23]. 

Fuzzy based decision making is performed the fuzzy inference system, shown in Figure 2. It comprises of 
fuzzification process, inference engine, knowledge/rule base and defuzzification process. The fuzzification 
process usually converts the given crisp input into fuzzy quantity. In the proposed model, spectrum sensing 
process is accomplished using fuzzy inference system which detects the spectrum hole from the received signal 
energy and PU activity. The fuzzifier provides the available information to inference engine so that the efficient 
spectrum sensing is carried out. The membership form of inputs is evaluated by fuzzy sets and rule base. The 
fuzzy rule base has if-then statements which provide various possible spectrum access options. These fuzzy rule 
set are given to a fuzzy inference system to decide about the spectrum hole. 

ii) System model and Fuzzy Hypothesis Test 
Performance evaluation of Spectrum sensing techniques is carried out in [24]. In hypothesis test, H0 repre- 

sents the absence of PU signal whereas H1 represents the presence of PU signal, which is given by 
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Figure 2. Fuzzy system for decision making.                                       
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In the hypothesis H0, xi(t) represents the signal received by ith SU and ni(t) is additive white Gaussian noise. 
In the hypothesis H1, s(t) is PU signal and hi(t) is channel impulse response. Spectrum sensing scheme using 
energy detection is presented in [25] to detect PU in the network. Figure 3 shows the CR system that can be uti-
lized for spectrum sensing with the help of basic energy detection schemes. 

The traditional energy detection problem decides between two crisp hypotheses H0 (null hypothesis) and H1 
(alternative hypothesis). In real time situations, it is not a wise choice to go with crisp hypotheses due to the 
problems and practical difficulties associated with uncertainty. Fuzzy set theory concepts have been discussed in 
the literature to consider the uncertainty issues. The hypothesis test utilizes these fuzzy set theory is called as 
fuzzy hypothesis test (FHT).  

Suppose µ is mean parameter of a normal probability density function, the crisp hypothesis can be defined as 
0 0 1 0:  and :µ µ µ µ= ≠H H                                (2) 

However the fuzzy hypotheses are defined for realistic models as  

0 0

1 0

: is close to 
: is away from 
µ µ
µ µ

H
H

                                 (3) 

The flowchart for conventional energy detection scheme is shown in Figure 4. The detection decision is made 
by comparing the energy spectrum of the received PU signal with the threshold energy to declare the presence 
and absence of PU signal. 

 

 
Figure 3. Cognitive radio system for spectrum sensing environment.                     

 

 
Figure 4. Flowchart for conventional energy detection scheme.                          
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3. Proposed Fuzzy Based Energy Detection Scheme 
The main objective of this work is to propose an intelligent fuzzy logic based data fusion algorithm at the fusion 
centre (FC). The important contribution of the proposed work is to identify the PU signal without prior informa-
tion. Some of the information are the noise variance, SNR of the PU signal at the SUs. In the proposed scheme, 
each SU measures the energy of its received signal in the frequency band of interest and then transmits its ob-
servation to the FC without any additional information. The FC performs data fusion with an adaptive fuzzy 
system using online learning to determine the fuzzification parameters from the data received. Consequently, the 
FC can make a global decision based on local observed energies without the knowledge of instantaneous SNR 
and noise variance at the SUs. Figure 5 shows the block diagram of the proposed cooperative spectrum sensing 
approach. 

In the proposed spectrum sensing energy detection is performed at secondary users followed by the fuzzy 
based fusion for decision making. Based on the energy detection at SUs, local observations are transmitted to the 
fusion centre (FC). The global decision can be made at the FC using the local observations by means of adaptive 
Sugeno’s fuzzy system [26]. It is well known that energy detection method is ideal when prior information of 
the PU signal is unavailable. In the energy detection, the energy of the signal in the frequency band from a 
band-pass filter (BPF) is converted into discrete samples with the help of an analog-to-digital converter (A/D). 
Each SU measures PU signal energy using the PU signal x(j). The received PU signal energy detection at the kth 
SU user is given by 

( ) 2

1=
= ∑

N

k k
j

Y x j                                     (4) 

where xk(j) is the jth sample of the received signal at the kth SU. 
The Sugeno’s fuzzy system comprises of fuzzification unit, inference engine, rule base and defuzzification 

unit as shown in Figure 2 to make the global sensing decision. The observed energy is applied to fuzzification 
unit to convert low and high energy values. The membership functions are bell shaped. The threshold value is 
fixed by comparing the global decision threshold with the local threshold values set the observed energy values. 
Here the energy of the received signal based on the threshold values, the output is classified into four member-
ship functions as strongly present, moderately present, weakly present and not present. Cognitive base station 
uses the multiple ratio combining (MRC) strategy based on the weighted combination of the energy for sensing 
signals. The particular combining strategy is determined based on the operating average SNR value. 

Cognitive base station finds the strongest PU signal using the weighted combination of PU signal energy 
measured from the sensed energy of individual SUs. Fuzzy logic is utilized in energy detection using multilevel 
threshold values based on cooperative spectrum sensing. Membership functions are formed to fix the optimal set 
of thresholds. The received PU signal energy can be classified into different categories such as PU strongly 
present, PU moderately present, PU weakly present and PU not present using four different membership func-
tions. The objective is to determine the optimal combination of these parameters that would maximize the fuzzy 
function which allow representation in flexible and adaptive form. 

Based on the fuzzified energy, the inference rules are used to gain information on the present status of the PU  
 

 
Figure 5. Proposed cooperative spectrum sensing.                                             
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signal. Let pdi denote the private decision reflecting the possibility that the PU signal is present based on the 
observation of the ith SU. Then, the fuzzy inference rule set can be proposed as follows [23]: 

min

max

Rule 1: IF is Low THEN
Rule 2 : IF is High THEN

=

=
i i

i i

Y pd pd
Y pd pd

                           (5) 

Based on the private decisions obtained from the weighted averaging procedure, the global decision can be 
made based on the majority rule. The global decision is given by 

10

1, for 0

0, otherwise
=

 >= 


∑
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k
k

pd
u                                    (6) 

Figure 6 shows the flowchart for the proposed fuzzy based spectrum sensing scheme. The global decision is 
made by comparing the energy spectrum of the received PU signals at SUs to determine presence and absence of 
PU signal. Fuzzy fusion center is used for decision making. 

4. Results and Discussion 
In the simulation scenario, we assumed equal SNR for all the nodes in the cognitive radio network. Here each 
node will calculate the energy of the received signal and based on the threshold values it decides on the output 
as strongly present, moderately present, weakly present and not present This information is passed on to neigh-
boring nodes as two bit information. Each node will take the result of two neighboring nodes, own decision and 
SNR value to make final decision. Performance of this decision fusion method is evaluated at various SNR val-
ues and it is compared with conventional AND/OR rule based single node decision. The presence and absence 
of the primary user is found using the time domain and frequency domain plots of the received signal. These 
plots are shown in Figure 7. It is observed that PU can be detected in the frequency slots (4, 5), (10, 11) and (15, 
16). 

To validate the proposed cooperative spectrum sensing scheme, a Monte-Carlo simulation was carried out to 
analyze the ROC characteristics, probability of detection under the following conditions: the number of SUs is 
M = 7; the number of samples is N = 1000; the PU signal is a zero mean signal with 6 MHz bandwidth; the  

 

 
Figure 6. Flowchart for fuzzy based spectrum sensing.                                
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noises at SUs have SNRs of −20, −19, −18, −17, −16, −15, −14 respectively. All the simulations are performed 
using Matlab version 7.12 with communication toolbox. To identify the best PU signal energy values and 
weighted energy values for MRC, the variability in sensing channels are considered. It is assumed that the dis-
tances from the PU to the SUs are significantly large compared to the distances between the SUs. Let p(H1) and 
p(H0) represent the probabilities that PU is present and absent, respectively. It is given by 

( ) ( )0 0φ= =p H p                                    (7) 

and 

( ) ( )1 1φ= =p H p                                    (8) 

p(H1) and p(H0)are taken as 0.5 and 0.5 initially. Energy values are first averaged over 1000 Monte Carlo si-
mulations and then is normalized dividing by the maximum average energy value. The performance of the pro-
posed scheme was first evaluated in terms of the receiver operating characteristic (ROC) under both non-fading 
and Rayleigh fading channels with the learning rate a fixed at 0.05.The probability of detection was computed 
the same way as that of probability of false detection and the same thresholds are been used. Performance com-
parison of the proposed scheme and conventional method is shown in Figure 8. 

The proposed scheme provides better probability of detection, reduced probability of false alarm and proba-
bility of miss detection and thus outperforms the existing hard decision based technique for varied SNR condi-
tions. The ROC plot between Probability of false alarm and probability of detection (Pd) for SNR=-10 dB is 
shown in Figure 9. The Pd is nearly 0.99 when the probability of false alarm (Pfa) is 0.1. 

If the spectrum is free or not utilized by the licensed PU, then these situations are indicated by false detection. 
The probability of false detection was computed by running the program 100 times and counting the number of 
times the PU was falsely detected when it was not using the spectrum.  

The ROC plot between Probability of false alarm (Pfa) and probability of miss detection for SNR = −10 dB is 
shown in Figure 10. The probability of miss detection is very low compared with the existing scheme. 

 

 
Figure 7. Time domain and frequency domain plots of the received signal.                 

 

 
Figure 8. ROC curve for SNR Vs probability of detection.                              
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Figure 9. ROC plot between probability of false alarm and probability of detection.         

 

 
Figure 10. ROC plot between probability of false alarm and probability of miss detection.     

5. Conclusion 
An intelligent and reliable cooperative spectrum sensing based on fuzzy system based data fusion has been pro-
posed. The main contribution of the work is that an intelligent fuzzy fusion algorithm is developed based on 
multiple threshold values at the fusion centre (FC) without the channel state information of the PU signal. Si-
mulation results have been provided for spectrum sensing, probability of detection in different SNR conditions. 
The proposed method outperforms the existing energy detection schemes in terms of probability of detection and 
probability of false alarm. 

References 
[1] Haykin, S. (2005) Cognitive Radio: Brain-Empowered Wireless Communications. IEEE Journal Selected Areas on 

Communication, 23, 201-220. http://dx.doi.org/10.1109/JSAC.2004.839380 
[2] Akyildiz, I.F., Lee, W.Y., Vuran, M.C. and Mohanty, S. (2006) Next Generation/Dynamic Spectrum Access/Cognitive 

Radio Wireless Networks: A Survey. Computer Networks, 50, 2127-2159.  
http://dx.doi.org/10.1016/j.comnet.2006.05.001 

[3] Nagaraj, S.V. (2009) Entropy-Based Spectrum Sensing in Cognitive Radio. Signal Processing, 89, 174-180.  
http://dx.doi.org/10.1016/j.sigpro.2008.07.022 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0.65

0.7

0.75

0.8

0.85

0.9

0.95

1
ROC plot for Probability of False Alarm vs Probability of Detection

Probability Of False Alarm

P
ro

ba
bi

lit
y 

O
f D

et
ec

tio
n

 

 

Conventional
SC based soft combining
Proposed Fuzzy based

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

Probability Of False Alarm

P
ro

ba
bi

lit
y 

O
f M

is
s 

D
et

ec
tio

n

 

 
Conventional
SC based soft combining
Proposed Fuzzy based

http://dx.doi.org/10.1109/JSAC.2004.839380
http://dx.doi.org/10.1016/j.comnet.2006.05.001
http://dx.doi.org/10.1016/j.sigpro.2008.07.022


S. Bharatula, M. Murugappan 
 

 
1050 

[4] Letaief, K.B. and Zhang, W. (2009) Cooperative Communications for Cognitive Radio Networks. Proceedings of the 
IEEE (Invited Paper), 97, 878-893. http://dx.doi.org/10.1109/JPROC.2009.2015716 

[5] Ghasemi, A. and Sousa, E. (2005) Collaborative Spectrum Sensing for Opportunistic Access in Fading Environments. 
Proceedings of the IEEE International Symposium on New Frontiers Dynamic Spectrum Access Networks (DySPAN’05), 
Baltimore, 131-136. http://dx.doi.org/10.1109/dyspan.2005.1542627 

[6] Akyildiz, I.F., Lo, B.F. and Balakrishnan, R. (2011) Cooperative Spectrum Sensing in Cognitive Radio Networks: A 
Survey. Physical Communication, 40-62. http://dx.doi.org/10.1016/j.phycom.2010.12.003 

[7] Gardner, W. (1988) Signal Interception: A Unifying Theoretical Framework for Feature Detection. IEEE Transactions 
on Communications, 36, 897-906. http://dx.doi.org/10.1109/26.3769 

[8] Fehske, A., Gaeddert, J. and Reed, J. (2005) A New Approach to Signal Classification Using Spectral Correlation and 
Neural Networks. Proceedings of the IEEE DySPAN, 144-150. http://dx.doi.org/10.1109/dyspan.2005.1542629 

[9] Digham, F.F., Alouini, M.-S. and Simon, M.K. (2007) On the Energy Detection of Unknown Signals over Fading 
Channels. IEEE Transactions on Communications, 55, 21-24. http://dx.doi.org/10.1109/TCOMM.2006.887483 

[10] Yücek, T. and Arslan, H. (2009) A Survey of Spectrum Sensing Algorithms for Cognitive Radio Applications. IEEE 
Communications Surveys & Tutorials, 11, 116-130. http://dx.doi.org/10.1109/SURV.2009.090109 

[11] Ma, J., Zhao, G. and Li, Y. (2008) Soft Combination and Detection for Cooperative Spectrum Sensing in Cognitive 
Radio Networks. IEEE Transactions on Wireless Communications, 7, 4502-4507.  
http://dx.doi.org/10.1109/T-WC.2008.070941 

[12] Proakis, J.G. and Salehi, M. (2007) Digital Communications. 5th Edition, McGraw-Hill. 
[13] Quan, Z., Cui, S. and Sayed, A. (2008) Optimal Linear Cooperation for Spectrum Sensing in Cognitive Radio Net-

works. IEEE Journal of Selected Topics in Signal Processing, 2, 28-40. http://dx.doi.org/10.1109/JSTSP.2007.914882 
[14] Quan, Z., Ma, W., Cui, S. and Sayed, A.H. (2010) Optimal Linear Fusion for Distributed Detection via Semidefinite 

Programming. IEEE Transactions on Signal Processing, 58, 2431-2436. http://dx.doi.org/10.1109/TSP.2009.2039823 
[15] Narayan, N., Sudeep, S. and Niranjan, K. (2014) Energy Detection Based Techniques for Spectrum Sensing in Cogni-

tive Radio over Different Fading Channels. Journal of Selected Areas in Telecommunications, 4. 
[16] Visotsky, E., Kuffner, S. and Peterson, R. (2005) On Collaborative Detection of TV Transmissions in Support of Dy-

namic Spectrum Sharing. Proceedings of the 1st IEEE International Symposium on New Frontiers in Dynamic Spec-
trum Access Networks, Baltimore, 8-11 November 2005, 338-345. http://dx.doi.org/10.1109/dyspan.2005.1542650 

[17] Gandhi, P., Chandra, K. and Thompson, C. (2014) Shared Spectrum Throughput for Secondary Users. International 
Journal of Computer Networks (IJCN), 6. 

[18] Zheng, S., Lou, C. and Yang, X. (2010) Cooperative Spectrum Sensing Using Particle Swarm Optimization. Electron-
ics Letters, 46, 1525-1526. http://dx.doi.org/10.1049/el.2010.2115 

[19] Zaheh, L.A. (1965) Fuzzy Sets. Information and Control, 8, 338-353.  
http://dx.doi.org/10.1016/S0019-9958(65)90241-X 

[20] Zaheh, L.A. (2008) Is There a Need for Fuzzy Logic? Information Sciences, 178, 2751-2779. 
http://dx.doi.org/10.1016/j.ins.2008.02.012 

[21] Kieu-Xuan, T. and Koo, I. (2010) A Cooperative Spectrum Sensing Scheme Using Fuzzy Logic for Cognitive Radio 
Networks. KSII Transactions on Internet and Information Systems, 4, 289-304. 

[22] Kaur, M.J., Uddin, M. and Verma, H.K. (2010) Analysis of Decision Making Operation in Cognitive Radio Using 
Fuzzy Logic System. International Journal of Computer Applications, 4, 35-39. http://dx.doi.org/10.5120/861-1210 

[23] Ejaz, W., Ul Hasan, N., Aslam, S. and Kim, H.S. (2011) Fuzzy Logic Based Spectrum Sensing for Cognitive Radio 
Networks. 5th International Conference on Next Generation Mobile Applications, Services and Technologies, Cardiff, 
14-16 September 2011, 185-189. 

[24] Bagwari, A. and Singh, B. (2012) Comparative Performance Evaluation of Spectrum Sensing Techniques for Cognitive 
Radio Networks. 4th International Conference on Computational Intelligence and Communication Networks (CICN), 
Mathura, 3-5 November 2012, 98-105. http://dx.doi.org/10.1109/cicn.2012.66 

[25] López-Benítez, M. and Casadevall, F. (2012) Improved Energy Detection Spectrum Sensing for Cognitive Radio. IET 
Communications, 6, 785-796. http://dx.doi.org/10.1049/iet-com.2010.0571 

[26] Wang, L. (1994) Adaptive Fuzzy Systems and Control: Design and Stability Analysis. Prentice Hall International Inc., 
Upper Saddle River. 

http://dx.doi.org/10.1109/JPROC.2009.2015716
http://dx.doi.org/10.1109/dyspan.2005.1542627
http://dx.doi.org/10.1016/j.phycom.2010.12.003
http://dx.doi.org/10.1109/26.3769
http://dx.doi.org/10.1109/dyspan.2005.1542629
http://dx.doi.org/10.1109/TCOMM.2006.887483
http://dx.doi.org/10.1109/SURV.2009.090109
http://dx.doi.org/10.1109/T-WC.2008.070941
http://dx.doi.org/10.1109/JSTSP.2007.914882
http://dx.doi.org/10.1109/TSP.2009.2039823
http://dx.doi.org/10.1109/dyspan.2005.1542650
http://dx.doi.org/10.1049/el.2010.2115
http://dx.doi.org/10.1016/S0019-9958(65)90241-X
http://dx.doi.org/10.1016/j.ins.2008.02.012
http://dx.doi.org/10.5120/861-1210
http://dx.doi.org/10.1109/cicn.2012.66
http://dx.doi.org/10.1049/iet-com.2010.0571

	An Intelligent Fuzzy Based Energy Detection Approach for Cooperative Spectrum Sensing
	Abstract
	Keywords
	1. Introduction
	2. Fuzzy Based System Model for Hypothesis Test
	3. Proposed Fuzzy Based Energy Detection Scheme
	4. Results and Discussion
	5. Conclusion
	References

