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Abstract—In this paper, we consider the primary user 

detection problem in cognitive radio systems by using multi 

antenna at the cognitive radio receiver. An optimal linear 

combiner multi antenna based spectrum sensing technique 

is proposed using the multitaper spectrum estimation 

method. A suboptimal square law combiner multi antenna 

based technique, using the multitaper method, is also 

proposed. The decision statistics’ probability density 

functions of the proposed techniques are derived 

theoretically. Probabilities of detection and false alarm 

formulae are presented using the Neyman Pearson criterion. 

Both proposed techniques are derived when energy detector 

is used. Based on our results, we found that the general 

likelihood ratio detector1 (GLRD1) and the blind GLRD 

that are proposed in the literature, require signal to noise 

ratios SNRs=7.5 and 9.6 dB, respectively to achieve a 

probability of detection of 99.99% at false alarm 1% with 

additive white Gaussian noise (AWGN) using 4 antennas 

and 16 samples for sensing. In our proposed optimal and 

suboptimal techniques, the required SNRs are found as  12 

and  7.5 dB, respectively to achieve the same probabilities 

in the same conditions. Of course, this result gives an 

indication that even GLRD multi antenna based spectrum 

sensing techniques are blind in their philosophy, but that 

comes at the expense of their performance. Simulation 

results that confirm the theoretical work are also presented. 

An AWGN and Rayleigh flat fading environments are 

examined in the results. Finally, a new concept of 

cooperative spectrum sensing, the master node, is 

introduced. 

 

Index Terms—cognitive radio, spectrum sensing, multitaper 

spectrum estimation method, multi antenna spectrum 

sensing, cooperative spectrum sensing 

I. INTRODUCTION 

Cognitive radio(CR) [1] is a new technology in the 

wireless communications world that has changed the 

policy of the spectrum assignment from static to a more 

flexible paradigm. In a CR network, a spectrum subband 

that is already licensed to a primary user (PR), can be 

used opportunistically at a specific time and location by 

an unlicensed user (i.e., secondary user), which is the CR. 

This new concept of spectrum access can satisfy the ever 

increasing demand for spectrum resources, and reduce the 

underutilized spectrum. Additionally, it can provide 

communications anywhere at any time [2]. An IEEE 

802.22 wireless regional area network (WRAN) is the 

first CR standard, which operates on the spectrum that is 

allocated to TV services [3, 4]. 

In order to use the vacant subband, CR must sense its 

surrounding radio frequency (RF) environment before 

using it. Using an accurate spectrum sensing techniques 

allows CR to opportunistically exploit that unused 

spectrum, and protect the PR user from interference. 

Thus, spectrum sensing is a key functional factor in CR 

systems.  

Matched filtering is classified as a high performance 

spectrum sensing technique. However, it requires a full 

knowledge of every PR’s transmitted signal [5, 6]. A 

cyclostationary detector has a good performance, but 

requires knowledge of the PR’s cyclic frequencies and 

requires long time to complete sensing [5-8]. On the other 

hand, an energy detector (ED), which is called a 

periodogram or radiometer, is simple, but has a poor 

performance at a low signal to noise ratio (SNR). The 

reason behind this, is that ED uses single rectangular 

tapering, which causes spectral leakage and large 

variance [9]. 

 The multitaper spectrum estimation method (MTM) 

[10] produces single spectrum estimate with minimum 

spectral leakage and variance using an orthonormal 

family of tapers, the Discrete Prolate Slepian Sequences 

(DPSS) [11]. Haykin, on the other hand, suggests that 

MTM is an efficient spectrum sensing technique in CR 

systems [2]. MTM is an approximation of the optimal 

spectrum estimate, the maximum-likelihood method but 

at reduced computation [12, 13]. Haykin in [14], 

presented MTM’s spectrum sensing tutorial and 

experiment results. The MTM parameters, half time 

bandwidth product NW, and the number of tapers K used 

in MTM, are recommended as ranges in his work. In our 

previous work, the MTM’s parameters have been 

optimized as in [15]. The optimal NW is found as 4 and 

K=5 tapers is the optimal number of tapers. Optimal 

MTM parameters give the highest performance, and 

minimize the complexity when using MTM. The 

probabilities of detection and false alarm formulae of 

multitaper based spectrum sensing in additive white 
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Gaussian noise (AWGN) have been derived using the 

Neyman-Pearson criterion as in our work in [16]. 

Multi antenna in wireless communications allow for an 

increased data rate, and improve the spatial diversity [17]. 

Thus, a CR user can use it for both communications and 

spectrum sensing. Multi antenna spectrum sensing 

techniques and issues in CR systems have been 

investigated in [18-25]. 

Two main ED-based multi antenna spectrum sensing 

techniques, the linear coherent combining, and the 

selection processing are considered in [18]. In [19], each 

antenna is connected to an ED, where the PR’s signal is 

present when more than one antenna decides so. In [20, 

21], using the ED-based square law combining (SLC) 

technique in orthogonal frequency division multiplexing 

(OFDM)–multi input multi output (MIMO) based CR, 

resulted in significant improvements to the performance 

compared with using a single antenna. Generally, these 

works depend on ED, which has a poor performance in 

low SNR, and that is not practical in CR applications. 

In [22], general likelihood ratio detectors (GLRDs) 

using multi antenna are derived with different 

assumptions. GLRD1 is derived assuming that only the 

channel gain is unknown, and is estimated using 

maximum likelihood (ML) estimation. Blind GLRD is 

derived when, signal variance, noise variance, and 

channel gain are all unknown to the CR, and it requires 

estimating these parameters as well. GLRD is derived in 

[23], assuming that the PR user had three different signal 

sources. Deriving asymptotic performance of GLRDs at 

different assumptions can be found in [24]. We can say 

that even GLRDs, in some cases, do not need prior 

information about the PR’s signal, the channel, and the 

noise, they depend on estimating, which degrades the 

performance significantly and requires high SNR to 

work. In [25], we proposed local-MTM-singular value 

decomposition (Local-MTM-SVD) multi antenna based 

spectrum sensing technique as an efficient technique. Our 

results show a significant improvement in the 

performance compared to using single antenna. 

In this paper, we consider CR spectrum sensing using 

multi antenna to detect an inverse fast Fourier 

transform/fast Fourier transform (IFFT/FFT) PR’s 

transmitted signal (e.g., OFDM). Our CR user is assumed 

to be an IFFT/FFT based signal processing (e.g., OFDM). 

This will allow for the practical use of MTM in spectrum 

sensing. We propose the use of linear combiner-MTM 

based (MTM-LC) spectrum sensing, which is optimal 

when the channel coefficients can be known by CR, and 

that is possible when the PR’s signaling is known. Blind 

channel equalization methods can, also, be used in such 

cases. The linear combining here increases the SNR, and 

using MTM minimizes the spectral leakage, and 

improves the variance of the estimate. A suboptimal multi 

antenna spectrum sensing technique has been proposed, 

square low combining-MTM based (MTM-SLC). In 

MTM-SLC, the MTM is performed through each antenna 

separately, and then the final spectrum estimate can be 

averaged over all the antennas’ estimates. MTM-SLC, 

improves the performance at low SNR, and does not 

require coherent detection. Our proposed techniques have 

been derived theoretically and compared to simulation. 

The same techniques have been derived as well for ED 

and comparison between different techniques is presented 

in the results. Decision statistics’ probability density 

functions (PDFs) of the proposed techniques have been 

defined for different hypothesis at different cases for both 

MTM, and ED. Additionally, we introduce a new 

cooperation concept, the master node (MN) cooperation. 

In MN, a single CR node can be supported by advanced 

hardware components, and advanced signal processing. 

This improves the detection’s probability, minimizes the 

overall CR network complexity, minimizes the over head 

that is required when all CR’s nodes share sensing, and 

accelerates the decision process. 

The rest of the paper is organized as follows: Section II 

defines the model for the system under consideration, and 

reviews MTM and ED spectrum sensing techniques. 

Section III presents the theoretical aspect of the proposed 

multi antenna MTM-based detectors, and the same 

detectors when using ED in an AWGN environment. 

Section IV presents the works in a multipath fading 

environment. Section V defines the MN-Cooperation 

concept and compares it to the existing classical 

cooperation algorithms. Section VI presents the results 

and Section VII concludes the paper. 

II. SYSTEM MODEL 

In our system model, we consider the OFDM signaling 

scheme for the PR user. The PR transmitter with N 

subcarriers (N-IFFT/FFT) transmits OFDM-quadrature 

phase shift keying (OFDM-QPSK) signal with energy    

over each subcarrier, and symbol duration   . The CR 

transceiver is supported by the (N-IFFT/FFT) processor 

as well, so as to perform both tasks of communications 

and sensing. The number of antennas, M is added to the 

CR for both spectrum sensing and communications. Fig. 

1 shows a representative diagram of multi antenna based 

spectrum sensing in CR systems. 

In the global cooperation scenario, the number of CRs 

G cooperate their spectrum sensing decisions using 

binary digits to a main CR base station (CR-BS), which 

performs the “OR” rule cooperation and declares the final 

decision to the CR’s nodes. 

The received PR signal, at the CR receiver, is sampled to 

generate a finite discrete time samples series {       

                 } , where   denotes the 

antenna number, and t is the time index. The discrete time 

samples are dot multiplied with different 

tapers              (tapers are DPSS). The associated 

eigenvalue of the    taper is        . The product is 

applied to a Fourier transform to compute the energy 

concentrated in the bandwidth        centered at 

frequency  . The half time bandwidth product is NW. The 

total number of generated tapers is 2NW. 

In order to evaluate the performance of the proposed 

techniques, we review two different types of probabilities 

at each frequency bin   , the probability of detection 

        and the probability of false alarm       . 

JOURNAL OF COMMUNICATIONS, VOL. 6, NO. 7, OCTOBER 2011 513

© 2011 ACADEMY PUBLISHER



 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 
 

Figure 1. Multi antenna based spectrum sensing in CR systems. 

 

 

      , is the probability that the CR node (sensor) 

correctly decides the presence of the PR’s signal, 

and         is the probability that the CR node (sensor) 

decides the PR’s signal is present when it is absent. 

The binary hypothesis test for CR spectrum sensing at 

the     time, and using the     antenna branch is given 

by: 

                                                             

                                                            (1) 

where  =0,1,…,L-1 is OFDM block’s index, and        , 

         , and       denote the CR received, noise at the 

branch m, and PR’s transmitted samples. The transmitted 

PR signal is distorted by the zero mean 

AWGN,                 
   at the output from the 

different antenna branches, which are independent and 

with identical variance   
 . Note that at each frequency 

bin of CR FFT,    indicates no PR signal present, while 

   means there is a PR signal present. 

The time instant   comes from the samples over 

different OFDM blocks, and the time instant t comes 

from the samples from the same OFDM block (i.e., 

IFFT/FFT samples). Thus, the spectrum sensing time in 

seconds is           , where    represents symbol 

duration, L represents the number of OFDM blocks that 

were used in sensing, and N is the number of samples per 

OFDM block (i.e., FFT size). 

For K orthonormal tapers used in the MTM, there will 

be K different eigenspectrums produced from each 

antenna defined as: 

                 ∑                                
       (2) 

where,      
 

 
 
 

 
     

   

 
 are the normalized frequency 

bins. The power spectrum estimate given by Thomson 

theoretical work is defined as [10]: 

                        
        

∑        |    (  )|
    

   

∑           
   

                     (3) 

On the other hand, the energy detector, when the 

samples are taken at uniform time spacing, gives the 

power spectrum density estimation as [9]: 

                         
      |∑                   

   |
 
              (4) 

The decision statistic over   using MTM is defined for 

the    antenna as follows: 

      
      

        ∑
∑        |∑                              

   |
 

   
   

∑           
   

               
     (5) 

Using the energy detector, the decision statistic over   

is defined for the     antenna as follows: 

              
      ∑ |∑                   

   |   
   

 
     (6) 

For single antenna MTM-based spectrum sensing, and 

according to the central limit theorem, if the number of 

samples L, is large, the decision statistic,       
      is 

asymptotically normally distributed with mean (E) [16]: 

              
       {

    
                         

        
             

        (7) 

and variance (VAR) 

 

 

 

 

where   , is defined as follows: 
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∑           
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On the other hand for the energy detector, and at the 

same assumption, the decision statistic,       
      has 

the mean [26]: 

              
       {

   
                         

       
             

                (9) 

and variance  

             (     
     )  {

    
                           

    
    

           

     (10) 

For a normally distributed decision statistic,        , 

the probabilities of detection,        , and false 

alarm,        are defined as follow: 

                           

                                      
               

√               
                  (11) 

                                

    (      
     )  {

        
                             

         
    

             

 

 

   
 ∑   

      

   

   

                

                  
                  
                                
                      
                                                       

(8) 
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√               
                  (12) 

The probability of miss detection         can be defined 

as: 

                                 <       

                                          
               

√               
           (13) 

The term      is the complementary cumulative 

distribution function,       =
 

√  
∫   

 

 

 

  
 

 
, and   

represents the chosen threshold. Note that   can be 

controlled based on    
 . The signal to noise ratio is 

defined as     
  

  
  for each antenna branch when they 

are identical. 

The different probabilities in (11), (12), and (13) can 

be calculated based on the means (Es), and the variances 

(VARs) for the different techniques at the different 

hypotheses as in (7) to (10). Thus, the different 

probabilities of MTM using single antenna can be 

redefined as follow [16]: 

               
           

          
  

√        
    

      

                    (14)            

                
           

      
 

√        
 
                               (15) 

      
             

          
  

√        
    

      

                (16) 

The number of samples required by MTM using single 

antenna (    ) can be written as [16]: 

                               (
         

   
)

 

                          (17) 

where  

     √       
    (  

        ) 

and 

     √       
    

       
  (  

        ) 

Substituting (9) and (10) in (11), (12), and (13), gives 

the different probabilities for the ED case. 

III. PROPOSED MULTI ANTENNA BASED SPECTRUM 

SENSING TECHNIQUES 

In this section of the paper, we present the theoretical 

and analytical works of the proposed two spectrum 

sensing techniques. The first proposed technique is the 

square law combining-MTM based (MTM-SLC) 

technique, which can be developed by using number of 

the antennas, M at the CR receiver for spectrum sensing 

based on MTM. The decision statistic is performed via 

each antenna branch separately using MTM over L 

samples, and then the overall decision statistic is 

calculated by summing the outputs decision statistics 

from the different antenna branches as square law 

combining. MTM-SLC is compared theoretically and 

analytically to the energy detector-square law combining 

(ED-SLC) as can be seen below. 

The decision statistics in (5) and (6) can be redefined 

for square law combining using M antennas for both 

techniques MTM, and ED respectively as follow: 

                        

∑ ∑
∑        |∑                              

   |
 

   
   

∑           
   

     
   
   

 
     (18) 

and 

                                 

                    ∑ ∑ |∑                   
   |   

   

  
         (19) 

From (18) and (19) the decision statistic using square 

law combining is a sum of identical and independent 

normally distributed M antennas decision statistics. Thus, 

the mean of the                using M antennas can 

be defined as follows: 

                   {
     

                         

         
             

 (20) 

and the variance can be defined as follows: 

   (              )  

                                        {
         

                          

         
    

         

  (21) 

In the ED case, the mean of the decision statistic, 

              using square law combining through M 

antennas can be defined as follows: 

                      {
    

                         

        
             

    (22) 

and the variance is defined as follows: 

                   {
     

                           

     
    

           

    (23) 

The different probabilities can be redefined for the 

square law combining technique using M antennas for 

both MTM, and ED cases by substituting the means and 

variances defined in (20), (21), (22), and (23) in (11), 

(12), and (13). The threshold,   in this case, is controlled 

by the term     
 . 

The second proposed technique is the MTM based-

Linear combiner (MTM-LC) of the received samples 

from different M antennas at the CR receiver. The 

received data samples at the CR receiver are summed 

from the different M antenna branches in the time domain 

to be as follows: 

                                    ∑         
                        (24) 

Then the eigenspectrums of the resulted new received 

samples,      , can be written as follows: 

                       ∑   
              

          
     (25) 

The MTM-LC decision statistic over L samples can be 

defined as follows: 

JOURNAL OF COMMUNICATIONS, VOL. 6, NO. 7, OCTOBER 2011 515

© 2011 ACADEMY PUBLISHER



 

              

           ∑
∑        |∑                  

          
   |

 
   
   

∑           
   

  
   
          (26) 

In order to derive the different probabilities 

expressions of              , we need to derive the 

mean (E), and the variance (VAR) for the different 

hypotheses. We follow our theoretical derivation of the 

MTM-single based as in [16]. The linear combiner binary 

hypothesis can be defined as follows: 

                                        

 

The main different in     between MTM, and MTM-

LC is the effect of the combined noise signals from 

different antenna. Thus, the mean for K correlated 

Gaussian samples of the decision statistic in (26), 

                     can be defined as follows: 

                    

   ∑ ∑        

   

   

  ∑ ∑              

   

    

   

   

   

   

 

                        (    )                                  (28)               

It can be shown that (28) can be simplified as: 

                     
             ∑ ∑               (    )           

   
   
    

                                                 (29)                         

From the definition of the DPSS, we have [11]: 

 ∑       
   
          (    )      {

      

               (30) 

In the remaining parts of the paper, the terms        , 

and       will be written as      , and      respectively 

for simplification.  

The orthonormality of the sequences can be used to 

simplify (29), over L (L here is for MTM-LC technique, 

which is different from that for MTM-SLC) sensed 

samples, when     as follows: 

                     ∑      
     

   

   

 

      (                   )(      

             )         
                

                          
                

                            
     

                        
                                                                              (31) 

since                , for                   , 

then  (31) can be rewritten as follows: 

                    
         

          
       

      
       

               
                       

  
                                        (32) 

Finally,           , and    (     )    
 , then 

(32) can be written as follows: 

                                               
           (33) 

The variance of K correlated Gaussian samples in 

(26),                        over L sensed samples 

when     , can be defined as follows: 
 

 

 

 

 

           
                             

             
                             

               
                

           
                                                                             (35) 

where   is defined as follows: 

                                                                                    (36) 

Then, (35) can be simplified as follows: 

                      

        (  
    )     (  

    )   

     (  
    )     (           )

    (           )                    

    (           )     (           )   

    (              

    (             ))                           

                  (   (  
    )     (  

    )    

    (  
    )  (

 
 

)   (           ))                (37) 

 

where    (  
    )     

 , and    (           )  

   
                          Finally, (37) can be 

written as follows: 

                      

          
    (

 
 

)     
     

    (     
    (

  

        
)     

  ) 

                                                 
                               (38) 

 

When the PR’s signal is present, the 

                                          (27) 

                               

    (∑       
      

   

   

)

 

    (  
    ) 

 

(34) 
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                     over L sensed samples when 

    , can be defined as follows: 

 

 

                    

      (                     

             )(          

                        )  
 

                
       

         
    

                      
            
                                                         

                                    
    

          
        

    
                                                                                 (39) 

where                ,           , and 

    
                                   

   
then (38) can be simplified as follows: 

                                
          

                                                         
         (40) 

The variance,                        can be 

defined as follows: 

                      

       (          
       

    

     
                        

              

          )                 

   (   (           )     (           )   

    (           )     (  
    )

    (  
    )       (  

    )

 (
 
 

)     (           ))       

                            

              
       

  

  (
  

        
)     

         

   (          
        

  )   

                            
     

                               (41) 

Finally, the different MTM-LC hypotheses’ mean, and 

variance can be summarized as follow: 

  (             )  {
     

                             

          
             

    (42) 

   (             )   

                {
        

                              

       
     

          

                     (43) 

The same derivation steps can be followed for 

            , then the different hypotheses’ mean, and 

variance can be written as follow:   

                      {
    

                            

         
            

     

   (            )  {
      

                            

       
    

          

 (45) 

The different probabilities,   
       ,   

       , and 

   
       shown in (11), (12), and (13) can be calculated 

based on the means (Es), and the variances (VARs) for the 

MTM-LC at the different hypotheses as in (42) and (43). 

The same procedures can be done for the ED-LC 

technique. The threshold,  , in this case, is controlled by 

the term     
 .  

The MTM’s mean is K times ED’s mean for both 

hypotheses, and the difference in the variance is defined 

as the variance factor (VF), which can be written as 

follows: 

                                                               (46)                            

The number of samples,         (i.e., OFDM blocks) 

needed to achieve predefined probabilities of detection, 

  
       , and false alarm,   

        in the MTM-SLC 

technique can be written using the resulted MTM-SLC 

probabilities of detection and false alarm formulae as 

follows: 

                           (
                 

    
)

 

              (47)         

where 

         √      
    (  

            ) 

and 

         √      
    

       
  (  

            ) 

The derivation of          is detailed in the Appendix. 

The MTM-LC’s samples,        , can be defined as 

follows: 

                           (
               

     
)

 

                  (48) 

where 

        √       
    (  

           ) 

and 

       

 √       
    

        
  (  

           ) 

This can be written in (dB) as follows: 

               

(44) 
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Substituting VF=1, and K=1 in (47), and (48) produces 

the number of samples,   for ED-SLC, and ED-LC 

respectively. 

IV. MULTI PATH FADING ENVIORNMENT 

The channel model that is assumed in this paper is 

similar to that in [27], where an AWGN is added to the 

PR’s signal at the CR’s receiver. In the multipath fading 

environment, (1) can be rewritten as follows: 
                                                         

                    ∑                       
       (49) 

where the discrete channel impulse response between the 

PR’s transmitter and CR’s     branch is represented 

by     ,           , and P is the total number of 

resolvable paths. The discrete frequency response of the 

channel through the     branch is obtained by taking the 

N point FFT, with     as follows [28]: 

                               ∑                
                (50) 

In such an environment, using MTM-SLC and ED-

SLC does not need co-phasing to cancel the effect of the 

channel of each antenna branch. Since the decision 

statistic will be performed via each CR’s antenna branch 

independently, the MTM-SLC’s decision statistic can be 

approximated to Gaussian, and then (20) and (21) can be 

rewritten as: 

 (              )  

     {
     

                                                

      ∑ |      |
    

        
        

                  (51) 

 

     (              )   

{
         

                                                     

        
     

      ∑ |      |
    

        

          (52) 

In practice, |      |
  can be estimated a priori during 

the time that PR’s transmitter occupies a specific band 

with specific power [28]. In this paper, we assume that 

the channel gain between the PR’s transmitter and the 

CR’s receiver is constant during the spectrum sensing 

duration, and this is useful for application like in 

IEEE802.22. When applying MTM-LC and ED-LC, the 

CR wants to coherently add up the signals from different 

branches by co-phasing, which requires knowing the 

channel coefficients a priori via training sequences or 

pilot signals. Blind channel equalization techniques [29] 

are very useful in such cases.  

V. MASTER- NODE COOPERATION 

In order to resolve the multipath fading effect, 

shadowing, and noise uncertainty on the CR’s spectrum 

sensing, different cooperative spectrum sensing 

techniques have been proposed in literature. Fig. 2 shows 

the cooperative spectrum sensing scenario in a centralized 

CR networks. Basically, these techniques are classified 

into soft and hard cooperation techniques. In the soft  

 

 

 

 

 

 

 

 

 
 

Figure 2. Classical cooperative spectrum sensing scenario in a 
centralized CR network. 

 

technique, a number of CR users sense the PR’s signal 

and then resend the real measurements to the main CR-

BS that applies a specific fusion rule, and then declares 

the final decision. In hard cooperation, each CR’s user 

decides about the PR’s signal locally and independently 

from the other CRs, then a binary digit represents the 

state of the PR’s signal in a specific band is sent to the 

CR-BS that applies a binary fusion rule to declare the 

final decision to the CR network. 

An optimal linear soft cooperation algorithm has been 

proposed in [26], where the performance is optimized by 

linearly combining the individual CRs’ local test statistics 

at the CR-BS. In [30], the authors propose an optimal soft 

cooperation algorithm based on the deflection coefficient 

maximization criterion. The cooperative spectrum 

sensing performance using likelihood ratio test (LRT)-

soft combination has been evaluated in [31]. It is found 

that the LRT-soft cooperation outperforms AND-hard 

cooperation in term of performance. 

An OR-hard cooperation algorithm has been proposed 

in [32], where the CR-BS declares that the PR’s signal is 

present in the band under sensing when at least one CR 

user decides the signal is present. 

The joint probability of detection,   , and the joint 

probability of false alarm,   , of the OR rule combining 

at the CR-BS using G CR nodes (sensors) with identical 

probabilities of detection and false alarm are given by: 

                              ∏        
 
                     (53) 

                              ∏        
 
                     (54) 

where     ,      represent the probabilities of detection 

and false alarm achieved by the     CR node (sensor). 

The multitaper singular value decomposition spectrum 

sensing technique (MTM-SVD) [2, 14], can be classified 

as soft cooperation with multi measurements from 

different tapers [7]. Our work in [25], ends the need for 

huge overhead feedback to the CR-BS in MTM-SVD by 

proposing the efficient multi antenna based spectrum 

sensing technique, the Local-MTM-SVD. 

The work in [33] shows that, including the decision 

from CR user with a low SNR in the cooperation at the 

CR-BS degrades the probability of detection. Thus, the 

authors propose a fusion rule at the CR-BS that uses only 

the reliable decisions, which come from the CR users 

with a high SNR. The main drawbacks here are the 

requirements for SNR estimation, and in addition to 

sending decisions from different CR users to the CR-BS, 
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each CR has to send its own estimated SNR to the CR-

BS. Different hard cooperation optimization algorithms 

have been proposed in [34-38]. The common objectives 

of these works are minimizing the number of binary bits 

sent to the CR-BS that would require wideband control 

channel, or by choosing the CRs with the reliable 

decisions to cooperate at the main station, while at the 

same time, keeping the probability of opportunity high. 

Generally, implementing spectrum sensing at each CR 

in the cooperative CR network, decoding or amplifying 

the sensed signals and then sending the results to a main 

CR-BS, have the following main challenges: 

1) The need for sensing units at each CR that will 

increase the hardware cost, the system complexity, 

the sensing delay and power consumption. 

2) The need for sending the sensed information or 

decisions to a main CR-BS, which requires more 

signal processing at both sides, the CR’s terminals 

and CR-BS. 

3) The need for control channels and huge overhead 

feedback to send the sensed information from all 

CRs to the CR-BS. Additionally, algorithms for 

information sharing and coordination are required in 

such cases [39]. 

4) Additional information such as the SNRs at different 

CRs has to be sent to the main CR-BS in optimized 

cooperative sensing. 

5) The availability of some CRs in the network with 

reliable decisions is not guaranteed at all time. Thus, 

cooperating the sensed information produces more 

errors. 

In order to face such challenges, the CR system needs 

to minimize the spectrum sensing processing in the CR 

network and insure that the performance is kept high. 

Supporting the CR network with an ideal CR node can 

satisfy the two above conditions. Adding highly advanced 

hardware and software components to a single CR node 

in the CR network, and excluding the others CRs is a 

good solution. In this solution, the spectrum sensing 

using advanced high performance techniques such as 

those proposed in this paper is performed at this ideal CR, 

and the final decision can be sent to the main CR-BS. The 

hardware components here should allow the ideal CR 

node to sense different frequency bands at the same time. 

Prior information about the different PR’s signals must be 

known at this ideal node in order to resolves multipath 

fading. Training sequences and pilot signals are examples 

of this information. 

Fig. 3 shows the MN-cooperative spectrum sensing 

scenario in a centralized CR networks. The work in [40], 

proposes implementing spectrum sensing using devices 

that are separate from the CR network and can be 

provided by the CR’s service provider. In addition to the 

PR’s and CR’s system, a separate sensing system appears 

in their work. Of course, that would increase the overall 

system complexity, require more technical and 

management coordination protocols and sensing devices 

cannot be used in the CR’s cycle. 

 

 

 

 

 

 

 

 

 

 

 
Figure 3. MN cooperative spectrum sensing scenario in a centralized 

CR network. 

VI. SIMULATION RESULTS 

In our system, each node of the CR network uses 64-

FFT with a sampling frequency 20 MHz. The PR user’s 

transmitter uses 64-IFFT with symbol duration 

   0.05µs, and transmits QPSK signal with normalized 

energy equal to 1 over each subcarrier. The CR nodes use 

the MTM and ED with M=1 antenna. The multi antenna 

techniques considered in this paper, MTM-SLC, MTM-

LC, ED-SLC, ED-LC, and Local-MTM-SVD are 

examined with a different number of antennas M=2, and 

4. In MTM techniques, the used half time bandwidth 

product is NW=4, and the number of tapers is K=5 [15]. 

In all cases of simulations, the results are averaged over 

    realizations. The channels considered in the 

simulation are AWGN with zero mean and variance   
 , 

and Rayleigh flat fading. The performance is evaluated 

over a chosen frequency bin, when it is assumed that, the 

whole band under sensing is occupied by the PR’s signal. 

Fig. 4, and Fig. 5 show the probability of detection,    

versus probability of false alarm,    using the different 

spectrum sensing techniques with a different number of 

antennas at AWGN with SNR= 10dB and 20 OFDM 

blocks (i.e.,     ) used in sensing. Note that the 

number of samples used is               
    , which approximately corresponds to the sensing 

time     . Both figures show significant improvement in 

the performance using the proposed MTM with multi 

antenna techniques. Additionally, we can see how the 

Local-MTM-SVD technique has the same performance 

that is achieved by MTM-SLC in the same conditions. 

This suggests that MTM-SLC is more practical as it does 

not need the SVD process and gives the same 

performance with lower complexity. Using M=2 

antennas, when        , MTM-SLC, MTM-LC, ED-

SLC, and ED-LC techniques have     80, 95, 21, and 

29% respectively. The MTM-LC outperforms MTM-SLC 

in terms of     by 5% for M=4 case, and by 14% for M=2 

case, when         in the same conditions. ED 

techniques have a poorer performance compared to the 

others under the same conditions. 

Fig. 6 shows the probability of detection,    versus 

probability of false alarm,   , using the different 

considered spectrum sensing techniques with number of 

antennas M=2 at Rayleigh flat fading with average 

SNR= 5dB and     . It is clear that the MTM-LC and 

ED-LC’ performances are affected by fading more than 
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that in MTM-SLC and ED-SLC. This is due to the 

destructive adding of the received signals from different 

antennas without co-phasing the channels coefficients. 

There is a significant outperforming of MTM against ED 

even in a fading environment, and the Local-MTM-SVD 

still has the same performance when using MTM-SLC in 

the same conditions. The probability of detection    ’s 

percentages when the false alarm is fixed to     10% 

using MTM-LC, MTM-SLC, ED-LC, ED-SLC, and 

Local-MTM-SVD are 77, 93, 62, 81, and 93 % 

respectively. 

Fig. 7 shows the probabilities of detection,    that 

meet probability of false alarm,     10%, versus the 

SNR at AWGN using MTM with single antenna, MTM-

SLC, and MTM-LC with M=4 antennas, and      for 

spectrum sensing. We can see a noticeable improvement 

in the performance using both proposed techniques 

compared to MTM with single antenna. At SNR= 15dB, 

MTM-SLC outperforms MTM with single antenna in 

terms of probability of detection,    by 30%. On the 

other hand, MTM-LC outperforms MTM with single 

antenna by 66%. It can be seen from the figure that, our 

simulations match the theory. 

Fig. 8 shows the comparison between the number of 

OFDM blocks,   required to achieve        , and 

       at AWGN environment with different SNR 

using the different considered techniques with M=1, and 

4 antennas. It is clear that the number of OFDM blocks 

used in the sensing process in the MTM system is lower 

than that for ED in all cases. Additionally, LC techniques 

require a lower number of OFDM blocks compared to 

SLC for both MTM, and ED cases in the same 

conditions. For example, from the figure at SNR= 15dB, 

the number of OFDM blocks L in dB that are required by 

ED only, ED-SLC, ED-LC, MTM only, MTM-SLC, and 

MTM-LC are 50, 42, 35, 32, 27, and 20 , or in       
seconds as 5, 0.792, 0.158, 0.08, 0.025, and 0.005 

respectively. It is clear that the MTM-multi antenna based 

spectrum sensing techniques proposed in this paper, are 

faster than the others. For example, MTM-LC is faster 

than MTM only by 93.75% (i.e., faster by 

0.075          ), and ED-LC by 96.85%. 

In OR-rule based cooperation, the resulted spectrum 

sensing decisions from the individual CR nodes are 

relayed to the main CR-BS, which applies the OR rule 

cooperation algorithm to declare the final decision to the 

CR network. Five CR nodes (i.e.,G=5) share the 

cooperation, with each supported by M=3 antennas. Fig. 

9 shows the OR rule joint probability of detection,     

versus the joint probability of false alarm,    for MTM-

SLC, MTM-LC, ED-SLC, and ED-LC with M=3 

antennas, and G=5 CR users at AWGN with 

SNR=  12dB and L=20 OFDM blocks. At joint 

probability of false alarm,    10%, the joint probability 

of detection is     100% using the MTM-LC, 92% 

using MTM-SLC, 45% using ED-LC, and 25% using 

ED-SLC.  

The resulted probabilities of detection for MTM-SLC, 

MTM-LC, GLRD1 [22], and blind GLRD detector [22] 

using M=4 antennas at AWGN with SNR= 10dB when 

the false alarm is 1% and L=16, can be summarized as 

follow: 

 Using MTM-SLC and MTM-LC gives a probability 

of detection 70, and 98% respectively. 

 In the same conditions, the GLRD1 and the blind 

GLRD detectors have a probability of detection of 

0%.  

Therefore, our main conclusion here is that, the latter 

techniques can produce large harmful interference to PR 

users, or a very low probability of opportunity.  

Additionally, the required SNRs in (dB) for MTM-

SLC, MTM-LC, ED-SLC, ED-LC, GLRD1[22], and 

blind GLRD detector [22] to achieve a probability of 

detection of 99.99%, using M=4 antennas at AWGN 

when the false alarm is 1% and L=16 sensed samples, can 

be summarized as follow: 

 The GLRD1 gives a probability of detection of 

99.99% when the SNR=7.5 dB, and the blind GLRD, 

gives the same probability when the SNR =9.6 dB. 

 The MTM-SLC and MTM-LC give the same 

probability of detection, when the SNR for them is 

 7.5, and  12dB respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 4. Probability of detection versus probability of false alarm using 
MTM and ED with M=1, and MTM-SLC, MTM-LC, ED-SLC, and ED-

LC with M=4 antennas at AWGN with SNR= 10dB and     . 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Probability of detection versus probability of false alarm using 
MTM-SLC, MTM-LC, ED-SLC, and ED-LC with number of antennas 

M=2, at AWGN with SNR= 10dB and     . 
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Figure 6. Probability of detection versus probability of false alarm using 
MTM-SLC, MTM-LC, ED-SLC, and ED-LC with M=2 antennas at 

Rayleigh flat fading with average SNR= 5dB and    . 
 

 
 

 

 
 

 

 
 

 

 

 

 

 

 

 

 

Figure 7. Probability of detection that meets      10% versus the SNR 

at AWGN using MTM, MTM-SLC, and MTM-LC spectrum sensing 

techniques with number of antennas M=4 and     . 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8. Numbers of samples (L) required to 

achieve        , and        at AWGN with different SNR using 

MTM, MTM-SLC, MTM-LC, ED, ED-SLC, and ED-LC spectrum 

sensing techniques with number of antennas M=1, and 4. 
 

 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

Figure 9. OR rule Joint Probability of detection versus joint probability 
of false alarm using MTM-SLC, MTM-LC, ED-SLC, and ED-LC 

spectrum sensing techniques with number of antennas M=3using 5 CR 

users (G=5) at  AWGN  with SNR= 12dB and  L=20. 
 

 The ED-SLC and ED-LC achieve the same 

probability of detection in the same conditions, when 

their SNRs are 5, and 0 dB respectively. 

Thus, these techniques do not give a high performance 

unless the SNR is high, which is not practical in CR. It is 

clear that the MTM-LC has a 10dB SNR’s gain compared 

to ED-LC, and 15dB compared to ED-SLC. 

VII. CONCLUSION  

In this paper, we propose different MTM-multi 

antenna based techniques as efficient CR spectrum 

sensing techniques. Theoretical work has been derived 

for the proposed techniques in AWGN, and multipath 

fading wireless environments. The ED-multi antenna 

based spectrum sensing techniques has been derived as 

well and compared to that of MTM, and the Local-MTM-

SVD. 

Using multi antenna in MTM-LC, and MTM-SLC 

gives more improvement in performance compared to 

that for ED-LC, ED-SLC. The Local-MTM-SVD 

spectrum sensing technique has the same performance 

when of MTM-SLC under the same conditions. 

Therefore, we can say that the MTM-SLC is more 

practical than Local-MTM-SVD as it does not need SVD 

processors, and that minimizes the complexity and the 

cost of the system. Moreover, based on our results, we 

found that the GLRD1 and the blind GLRD that are 

proposed in the literature, require SNRs=7.5 and 9.6 dB, 

respectively to achieve a probability of detection of 

99.99% at false alarm 1% with AWGN using 4 antennas 

and 16 samples for sensing. In our proposed optimal and 

suboptimal techniques, the required SNRs are found as 

 12 and  7.5 dB, respectively to achieve the same 

probabilities in the same conditions. 

In the multipath fading environment, adding the PR’s 

signals received from different CR antennas might 

degrades the resulted combined signal destructively in 

MTM-LC, and ED-LC. Thus, such combining needs co-

phasing to tolerate the multi path effects. However, we 
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believe that this is a main challenge in CR spectrum 

sensing and is still open issue. Blind equalization 

methods can be considered in such cases. 

The proposed techniques represent local cooperation 

using multi antenna. These techniques can be added to 

one CR node to work as MN in the CR network. This is a 

practical solution to minimize the complexity of the CR 

network. The different hard and soft cooperation 

algorithms in the literature can be used here to improve 

the overall performance. The OR rule cooperation is used 

to cooperate the generated binary decisions from the 

individuals CR nodes at a main CR-BS. Then the final 

decision is declared to the CR nodes. 

APPENDIX 

The probabilities of detection and false alarm, 

  
            , and   

             using MTM-SLC 

technique are defined as: 

          
               

                  
  

√         
    

      

           (55)                        

                
               

              
 

√         
 

             (56) 

In order to calculate the number of samples,         , 

which are required to achieve specific probabilities of 

detection and false alarm, the threshold,   that used in 

both (55), and (56) are the same. Thus, after 

mathematical manipulation, the threshold form (55) can 

be defined as follows: 

 

                                              

 

 

 

using (56), the threshold can be defined as: 

 

 

 

Since the thresholds in (57) and (58) are equals, then 

         can finally be defined as in (47). The same 

steps can be followed to derive the number of required 

samples, when MTM-LC, ED-SLC, and ED-LC are used 

for sensing. 
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