
 

 

 

 

 

 

  FACULTY OF ENGINEERING AND SUSTAINABLE DEVELOPMENT .       

 

 

 

 

 

Spectrum Sensing in Cognitive Radio Systems using 

Energy Detection 

 

 

SUN YUHANG 

 
09/2011 

 

 

Bachelor’s Thesis in Electronics  

 

 

 

 

 

 

 

Bachelor’s Program in Electronics 

Examiner: Niclas Björsell 

Supervisor: Mohammed.Hamid 



SUN YUHANG Spectrum Sensing for Cognitive Radio based on Energy Detection 

 

i 

Preface 

In the process to finish my thesis work, I got many frustrations and I was upset at one time. But I was 

so luckily to be supervised by Mohammed.Hamid who was so patient to help me solve the difficult 

problems and guide me to finish my thesis work. I sincerely thanks to him for all he did for me. Also 

thanks to Niclas Björsell who give me the suggestion for my thesis topic and to be my examiner. 

Thanks to all the teachers for teaching me the knowledge in the past three years, I can‟t finish my 

thesis work without you. Besides, thanks to my friends who encouraged and supported me when I was 

upset and confused. At the end, thanks to my parents to provide me the chance to study in Sweden. 



SUN YUHANG Spectrum Sensing for Cognitive Radio based on Energy Detection 

 

ii 

Abstract  

Cognitive radio is a low-cost communication system, which can choose the available frequencies and 

waveforms automatically on the premise of avoiding interfering the licensed users. The spectrum 

sensing is the key enabling technology in cognitive radio networks. It is able to fill voids in the 

wireless spectrum and can dramatically increase spectral efficiency. 

 

In this thesis, the author use matlab to simulate the received signals from the cognitive radio networks 

and an energy detector to detect whether the spectrum is being used. The report also compares the 

theoretical value and the simulated result and then describes the relationship between the signal to 

noise ratio (SNR) and the detections. At last, the method, energy detection and simulation and result 

are discussed which is considered as the guidelines for the future work.   
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1 Introduction 

1.1 Background 

Nowadays, with the technology and the science developing, the spectrum was nearly fully occupied. 

However there are still large number of multiple allocations needed to provide enough capacity for the 

many wireless services for commercial and noncommercial application, such as defense, air traffic, 

and scientific exploration.  

 

 

Figure 1 Spectrum allocations in the US [1] 

 

Figure 1 shows the spectrum allocations in the United States. Each color stands for a service type 

which is allocated to the special frequency band in the United States. Many of the primary allocations 

such as television (TV), frequency modulation (FM) radio, global positioning systems (GPS), Wi-Fi, 

Bluetooth, etc. are identical. 2.4 GHz and 5 GHz bands are commonly used for wireless computer 

networking, these bands, and some others are known as the industrial, scientific, medical (ISM) bands. 

 

 

http://upload.wikimedia.org/wikipedia/commons/4/45/United_States_Frequency_Allocations_Chart_2003_-_The_Radio_Spectrum.jpg
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Figure 2 Received power vs. frequency in Singapore [2] 

 

 

Figure 3 Band by band average spectrum occupancy in Singapore [2] 

 

Meanwhile, in Singapore, low frequency spectrum bands are utilized crowdedly but high frequency 

spectrum bands are utilized partially. Figure 2 and Figure 3 show the occupancy of spectrum 

bands in Singapore, we can get from the figure that the utilization of the spectrum is very low in 

high frequencies and the utilization of the spectrum in low frequencies is much higher. A survey in [2] 

shows the average occupancy of the spectrum is 4.54% in Singapore.  
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Figure 4 Measurement of 0-6 GHz spectrum utilization at Berkeley Wireless 

Research Center (BWRC) [3] 

 

Figure 4 shows the measurement of 0-6 GHz spectrum utilization at BWRC. The situation is similar to 

the situation showed in Figure 2, low frequency spectrum bands are utilized crowdedly but high 

frequency spectrum bands are utilized partially. 

 

Under these situations, how to improve the utilization of the spectrum bands is a matter of great 

urgency. The best way to improve the utilization efficiency of the spectrum allocations is the cognitive 

radio (CR) technology, and the definition of cognitive radio can be expressed as: 

 

“Cognitive radio is a radio of an intelligent wireless communication system that senses and is aware 

of its surrounding environment and capable to use or share the spectrum in an opportunistic manner 

without interfering the licensed users” [4]. 

 

In [5], it is presented that in 1999, Joseph Mitola Ⅲ presented the idea of CR first, in a seminar at 

KTH, The Royal Institute of Technology, then Mitola and Gerald Q. Maguire, J published CR later in 

an article. CR has been considered as a promising and effective technology to radio technology. 

 

The inefficient using of allocated spectrum to primary licensed users is a very common phenomenon, 

and CR technology has been considered as a key solution for that. It allows unlicensed or secondary 

users who are referred as CR users to access spectrum bands which have been allocated to be licensed. 

To get the aim of accessing spectrum bands, CR users sense the spectrum so they can detect the status 

through a primary transmitter signal. Thus, spectrum sensing is one of the most important issues in CR 

networks [6]. 
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Spectrum sensing promises unlicensed or secondary users, to make an adjustment to the environment 

by detecting some parts of spectrum which are not in used on the premise of it will not cause any 

interference to the licensed network, which is referred to as primary network. To provide more 

chances for CR users to access the spectrum without causing interference to the primary networks is 

the main idea of spectrum sensing. 

 

Since CR networks are able to detect the transmission of licensed networks and avoid causing 

interference to them, CR networks should sense the primary spectrum band to avoid the lack of the 

transmission of the primary users intelligently. According to that, sensing accuracy has been 

considered as one of the most important factors in the spectrum sensing for CR network. Recently, 

many researches are around how to improve the sensing accuracy to avoid the interference as far as 

possible. 

 

There are three different techniques which are commonly used in signal processing techniques for 

spectrum sensing [7]: 

• Matched filter  

• Energy detector  

• Cyclostationary feature detector  

 

In [3], it shows that the matched filter can maximize the received SNR which will be mentioned in 

Section 2.4, it requires demodulation of a primary user signal and it can perform coherent detection. 

The advantage of matched filter is that according to consistent, to get high processing gain less time is 

needed. However, a significant disadvantage of a matched filter is that a special receiver is necessary 

for every primary user. So the utilization of the matched filter is restricted by the drawback mentioned 

above. 

 

The energy detector simplifies the matched filter to perform non-coherent detection. It detects the 

received signals‟ energy to compare with the threshold and then deduce the status of the primary 

signals. The disadvantage is that a threshold we used will be easily influenced by unknown or 

changing nose levels, so the energy detector will be confused by the presence of any in-band 

interference [3]. 

 

It is investigated that within a special modulation type, the cyclostationary feature detector is able to 

exploit the inherent periodicity in the received signal to detect primary signals since most signals vary 

with time periodically [14]. There is also a disadvantage that longer processing time and higher 

computational complexity is needed with the cyclostationary feather detector [11]. 
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In [14], it indicated that all these methods above are depending on the transmitter detection. Through 

the spectrum sensing of CR users, they can deduce that whether there is a signal from primary 

transmitter which is present in a spectrum or not. Among the three techniques, the energy detector has 

been mostly widely used in radiometry. 

 

Since the energy detector has been mostly widely used in radiometry. So we only introduce the energy 

detector in details. The energy detector is able to be implemented as a spectrum analyzer, it takes the 

average frequency bins of a Fast Fourier Transform (FFT) [8], which is showed in Figure 5. 

 

 

 

 

 
 

 x (t) 

 

 

Figure 5 implementation of energy detector 

The input signal goes into the A/D converter selected by the bandpass filter first and we will get the 

threshold there. After we get the output from the integrator, which is compared with threshold, we will 

determine the presence of the primary users. The FFT size N and the observation time T will influence 

the processing gain, if N is increased, it will improve the frequency resolution which is proper to 

narrowband signal detection. In the other hand, if T is increased the noise power will decreased, thus 

the SNR will increased.  

 

All the methods mentioned above promise CR users to improve the sensing accuracy. However, in CR 

networks, there will be hardware limitations to limit spectrum sensing [14]. In the ideal conditions, CR 

users need to sense the spectrum bands continuously through the radio frequency to avoid the 

interference to the primary users, while, in reality, the radio frequency cannot distinguish the primary 

user signals with CR user signals [10]. As we know, the energy detection is most widely used in 

spectrum sensing, with that CR users cannot carry out the sensing and transmission at the same time. 

So, according to the hardware limitation, a new sensing structure where observation period and 

transmission period will be separated is necessary for CR users. In this structure, transmissions should 

be paused during the sensing time to avoid false alarms caused by unintended CR signals [14]. While 

in this thesis, we only simulate the CR signals in software, so we ignored the limitation mentioned 

above. 

threshold 

ADC/band

pass filter 

FFT 

 

Average frequency 

over T 

Energy detect 
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The rest of the report is presented as follows: in Section 1.2, we introduce the research aim of the 

thesis. In Chapter 2, we introduce all the main theories which will be used in the thesis. Chapter 3 is 

the whole process of the experiment and we also get the result there. We discuss the method, energy 

detection and simulation and result in Chapter 4. Finally, conclusions are presented in Chapter 5. 

 

1.2 Research Aim 

The aim of the research is to comprehend the utilization of spectrum sensing in cognitive radio 

networks, and investigate the technique of the spectrum sensing. We will use matlab to simulate the 

signals from the cognitive radio networks and an energy detector to determine the status of the primary 

users. 

 

After getting the result, try to find the relationship between the factor SNR to and the final detections 

and investigate how the SNR influence the detections. Comparing the theoretical value and the 

measured value to determine whether the simulation working successfully. 
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2 Theory 

In this thesis, the Gaussian distribution, Additive white Gaussian noise, Q-function, signal to noise-

ratio, and Maximum a Posteriori energy detection for spectrum sensing are mainly used through the 

whole process. This part indicates the details of the theories. 

2.1 Gaussian Distribution  

In probability theory, the Gaussian distribution is a continuous probability distribution that is often 

used as a first approximation to describe real-valued random variables with two parameters, mean 

value μ and the variance   , the former makes the location of the peak and the latter makes the width 

of the distribution.  

                                                                                                              

  ( )  
 

√    
  

 
(   ) 

                                                             ( )  

 
Figure 6 probability density functions 

 

The Gaussian distribution graph with various mean value and variance is given in Figure 6. As we 

know that the Gaussian distribution is a very important probability distribution in radio area. The 

output signal from the integrator which will be mentioned in Section 3.5, obeys the Gaussian 

distribution, and we will express the output signal in Gaussian distribution later. 
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2.2 Additive White Gaussian Noise  

Additive white Gaussian noise (AWGN) is a type of noise which exists in the communication 

channels generally. In an AWGN channel model, we always assume that there‟s no any other 

distortion or effects from other sources. Additive white Gaussian noise is a model for the thermal 

noise generated by random electron movement in the receiver [13]. Here is an example signal with 

AWGN in Figure 7. 

 

 
Figure 7 example signals with AWGN 

 
Figure 7 shows the example signal with AWGN, the blue signal is the example and the green signal is 

the signal with AWGN. There will be always AWGN during the transmission of signals in CR 

network. In Section 3.1, where we will simulate the received signal, the AWGN should be added to 

the received signal. 

 

 

2.3 Q-function 

The Q-function is a convenient way to express right-tail probabilities for Gaussian random variables. 

For x∈R, Q (x) is defined as the probability that a standard normal random variable (zero mean, unit 

variance) exceeds x: 
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The characters of the Q-function are as follows: 
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Figure 8 graph of Q-function 

 
The graph of the Q-function is shown in Figure 8, which is drawn by matlab. In Section 2.5, where we 

will derive the false alarm probability and the threshold, since they obey the Gaussian distribution, the 

former will be expressed in terms of the Q function and the latter will be expressed in terms of the 

inverse of the Q function. 

 

 

2.4 Signal to Noise Ratio  

In analog and digital communications, signal to noise ratio (SNR) is defined as the ratio of signal 

power to the noise power. It indicates signal intensity relative to background noise. When the ratio is 

higher than 1:1, it indicates there‟s more signals than noise. SNR is showed as follows: 

 

    
       

      
                                                                   ( ) 
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The ratio is usually measured in decibels (dB), P is the average power. If the signal and the noise are 

measured within the same resistance, the SNR can be derived by squaring of the amplitude ratio: 

 

    
       

      
 (

       

      
)                                                       ( ) 

 

In Eq. (4), A is root mean square amplitude. Since many signals have a very wide dynamic range, 

SNRs are often expressed in logarithmic decibel scale. 

 

             (
       

      
)                                                     ( ) 

 

Eq. (5) can be written using amplitude as: 

 

             (
       

      
)         (

       

      
)                                  ( ) 

 

In CR networks, to determine the spectrum availability, CR user need statistical information on the 

received primary signals, so the minimum SNR is the least signal level needed to decode the received 

signals [14]. We will determine how the SNR influences the final detection in Section 3.3. 

 

 

2.5 Maximum a Posteriori Energy Detection for Spectrum Sensing 

The maximum a posteriori (MAP) detector is known to be optimal in CR networks [14]. When CR 

users start the spectrum sensing to detect the primary users‟ status, the received signal r (t), can be 

expressed as [16]: 

 

 ( )  {
 ( )                            

   ( )   ( )                         
                                                  ( )                                                                             

 

Where    stands for „no signal transmitted‟, and    stands for „signal transmitter‟, s (t) is the signal 

waveform, and the n (t) is a zero-mean AWGN. The detection probability    and the false alarm 

probability    can be expressed as Eq. (8) through the MAP detection: 

 

{
   ( )              

        ( )                   
                                                      ( ) 
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In Eq. (8), λ is a decision threshold of MAP detection.    should be kept as small as possible to avoid 

underutilization of transmission opportunities, in another hand,    should be kept as large as possible 

for the same reason. 

 

For the sake of getting the energy of the signal, the output signal of A/D converter and bandpass filter 

with bandwidth W is squared and integrated over the sensing time. So we can get the output of the 

integrator, Y, compared with the threshold to determine the absence or the presence of the primary user. 

 

In the MAP detection, the output of the integrator is known as the Chi-square distribution [16]. If the 

number of samples is large, with the central limit theorem, we can assume that the Chi-square 

distribution is approximate as Gaussian distribution [15]: 

 

  {
 (   

      
 )                                                          

 ( (  
    

    (  
    

 ) )                           
                     (9) 

 

Where n is the number of the samples,   
  is the variance of the noise, the   

 is the variance of the 

received signal s(t), as we know, the minimum sampling rate should be 2W from the Nyquist sampling 

theorem, so n can be represented as 2   W, where    is the observation time and W is the bandwidth of 

the spectrum. From Eq. (8), (9), the false alarm probability    can be derived in terms of the Q 

function, expressed as follows [14]: 

 

  (    )   (
        

 

√      
 

)                                                              (  ) 

 

From the Eq. (10) we can get that the false alarm probabilities varies with the W and the observation 

time   . We can get the threshold   as: 

 

  √      
    (  )        

                                                 (11) 

 

The parameters, the false alarm probability and the threshold are the important parameters in CR 

networks, the false alarm probability should be kept as small as possible to avoid underutilization of 

transmission opportunities, and we will test the detections if it is reasonable under the false alarm 

probability in Section 3.4, the threshold is used to compared with detected signal‟s energy to 

determine the status of the primary users in Section 3.3. 
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3 Process and Results 

In the process of the experiment, we encoded the signal in matlab to simulate the output signal from 

the integrator. It consists of the energy values of each samples‟ signal.  

Then design an energy detector to detect the energy of different samples from the simulated signal we 

get. Comparing the energy we detected with the threshold  , which we mentioned in Section 2.5, we 

can determine the presence or the absence of the primary users. 

 

In Section 2.4, we know that the minimum SNR is the least signal level needed to decode the received 

signals. So, we change the SNR to see the relationship between the SNR and the final detections. In 

the end, comparing the theoretical value and the simulated value to test whether the simulation 

working normally and the detections we get is reasonable. 

 

 

3.1 Simulating the Signal in Matlab  

As we know that CR promises the secondary users access the spectrum which is allocated to a primary 

user, so avoiding interference to potential primary users is a basic requirement. Therefore we should 

detect the primary user status through the continuous spectrum sensing. 

 

When CR users start spectrum sensing to detect the status of the primary user, they will get the 

received signal expressed as Eq. (7) which we mentioned in Section 2.5. Then the received signal r (t) 

will goes into the A/D converter select by the bandapss filter where we will get a threshold according 

to the noise floor. To measure the energy of the signal, the bandwidth W of the signal will be squared 

and integrated [16]. At last the output signal of integrator Y as we express in Eq. (9), is the signal we 

simulated. 

 

We use matlab to encode the output signal from the integrator with zero-mean AWGN. The output 

signal is in Chi-square distribution, but in section 2.5, we assume the Chi-square distribution as 

Gaussian distribution when samples are large, so we can encode the output signal from the integrator 

as: sig=sqrt(sigmas^2+sigman^2)*randn(100,N), which obeys the Gaussian distribution. Sigmas^2 is 

the variance of the signal waveform, sigman^2 is the variance of AWGN, the operation randn 

distributes random numbers and arrays. 

 

Then we set the values of the parameters to simulate the signal: 
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SNR =  10 dB (we take an example); the bandwidth W = 1    ; the observes time    = 1     s; 

samples N = 2       W; the variance of the noise   
  = 1      ; the variance of the received signal 

  
  = (       )   (SNR=  10 dB); 

 

 
Figure 9 output signal with AWGN 

 

Figure 9 is the simulated output signal with AWGN. The x-axis shows the samples we take and the y-

axis shows the energy (units in dBm) of the signal. The figure shows the different signals‟ energy at 

different samples. The code of the simulated signal in matlab is shown in Appendix A. 

 

 

3.2 Encode the Energy Detector 

Then we set up the energy detector in matlab to detect and compare the output signal which is 

simulated in Section 3.1 with threshold. The idea of the energy detector is to detect the energy of the 

different samples‟ signal and then comparing the energy with the threshold to see if there is primary 

user or not.  

 

In Eq. (10) in Section 2.5, we can get the false alarm probability    (W,   ) = Q (
        

 

√      
 
) which is 

in terms of the Q-function, inverse the Q-function we can get the threshold   = √      
     (  ) 

+2  W  
  in Eq. (11). So we can encode the threshold   (lamda) as lamda = 
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sqrt(4*Ts*W*sigman^4)*qfuncinv(Pf) + 2*Ts*W*sigman^2 in matlab, where qfuncinv is the inverse 

Q-function. 

 

Then compare the   with each sample‟s energy E: 

If E >  , it means the spectrum is occupied by primary users and we get 1 detection.  

If E <  , it means the spectrum is idle and we get 0 detection. (We ignore the possibility of E =  ). 

 

In this experiment, we take the SNR =  10 dB, the false alarm probability    = 0.01 and take 100 

samples from the simulated output signal to calculate their energy compared with the threshold 

respectively to determine whether a licensed user is present or not, and sum all the samples which are 

detected. The each samples‟ energy is shown in Table 1 in Appendix B. 

 

Through the detection we get the each samples‟ energy and the threshold lamda = 0.2147. Comparing 

with the detections, there are three samples‟ energy larger than threshold so there are 3 spectrums 

occupied and there 3 detections. The detection code in matlab is shown in Appendix C. 

 

Since we set the false alarm probability    = 0.01, so there should be 99 detections in 100 samples in 

theory. But the simulated result we get is 3 detections. It is totally different compared with the 

theoretical result. As we know that the minimum SNR is the least signal level needed to decode the 

received signals in Section 2.4, so SNR maybe influence the result we get. We will change the SNR 

and then repeat the simulation to see the relationship between the SNR and the detections in Section 

3.3. 

 

3.3 SNR and Detections 

In Section 2.4 we know that In CR networks, to determine the spectrum availability, CR user need 

statistical information on the received primary signals, so the minimum SNR is the least signal level 

needed to decode the received signals. In the Section 3.1 we take the SNR =  10 dB for an example, 

but we get the result which is totally different with the theoretical result in Section 3.2. So we change 

the SNR from  10 dB to 0 and get the detections which are showed in Table 2 below: 

 

SNR Detections 

-10 3 

-9 4 

-8 10 
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-7 18 

-6 40 

-5 71 

-4 80 

-3 96 

-2 98 

-1 99 

0 100 

Table 2 detections get from different SNRs 

 
Figure 10 detections get from different SNRs 

As we can see from the Figure 10, with the increasing of the SNR (from  10 dB to 0) the detections 

we get also increased and within  7 dB and  5 dB, the increasing slope is the largest. So the SNR 

influences the detections. It indicates that with the increasing of the SNR, the more spectrums which 

are occupied we can detect. 

 

3.4 Comparison with Theory and Simulated Result 

In Section 3.3 we can make sure that the value of SNR will influence the detections we get. So in this 

section, we will compare the theoretical value and the simulated result to get a suitable value for SNR. 
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We change the SNR from  10 dB to 0 and then get the false alarm probability as the Eq. (12) and the 

result is showed in Table 3. 

 

   
                  

       
                                                            (  ) 

 

SNR False alarm probability 

-10 0.97 

-9 0.96 

-8 0.90 

-7 0.82 

-6 0.60 

-5 0.29 

-4 0.20 

-3 0.04 

-2 0.02 

-1 0.01 

0 0 

Table 3 SNR & false alarm probability 

 

 



SUN YUHANG Spectrum Sensing for Cognitive Radio based on Energy Detection 

 

17 

  

Figure 11 SNR & false alarm probability 

 

Figure 11 shows the diagram between SNR and the false alarm probability. As we know that the false 

alarm probability    = 0.01, the figure above shows that when SNR is between  2 dB and 0, the false 

alarm probability    = 0.02, 0.01, and 0, which are the mostly approximate to the theory value    = 

0.01. Thus when SNR is between -2 dB to 0, the energy detector performs best. 

 

In this part we take several times of the simulation to make the result we get more scientific. We take 

the SNR =  1 dB, which can let the energy detector performs best, the false alarm probability    = 

0.01, then we simulate 10 times, and we get the result showed in Table 4. 

 

Times we try false alarm probability 

1 0.03 

2 0.01 

3 0.02 

4 0.03 

5 0 

6 0.02 

7 0.01 

8 0.02 
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9 0.01 

10 0.02 

Table 4 times & detections 

 

 

Figure 12 false alarm probabilities in several times 

 

The Figure 12 shows the false alarm probability in 10 times of the experiment with SNR =  1 dB, the 

average value of the 10 results is 0.017, so the false alarm probability is 0.017. It is approximate to 

theory value 0.01, it matches the false alarm theoretical value    = 0.01 thus the result we get is 

reasonable.  
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4 Discussion 

This part is the discussion of the thesis, through the process of the thesis, we use the energy detector, 

one of the signal processing techniques for spectrum sensing to analyze the simulated signal to test the 

status of the primary users. We will discuss the energy detector, the method we used and the 

simulation and the result in this section. 

4.1 Discussion of the Energy Detector 

Energy detector is based on the transmitter detection to deduce whether there is a signal from primary 

transmitter which is present in a spectrum or not. As we mentioned in Section 1.1, the energy detector 

simplifies the matched filter to perform non-coherent detection. It detects the received signals‟ energy 

to compare with the threshold and then deduce the status of the primary signals. It has low 

computational and execution complexities, so it is the most widely used techniques in spectrum 

sensing. But it also has some disadvantages. Energy detector cannot distinguish between modulated 

signals, noise and interference. Furthermore, a threshold we used will be easily influenced by 

unknown or changing nose levels, so the energy detector will be confused by the presence of any in-

band interference. Thirdly, CR users cannot perform the sensing tasks and transmission at the same 

time. Thus, according to the hardware limitation, a new sensing structure where observation period 

and transmission period will be separated is necessary for CR users as we mentioned in Section 1.1. 

 

 

4.2 Discussion of the Method 

As we simulated the signal on software we ignored the hardware limitations factitiously as we 

mentioned in Section 1.1. The method has the advantages as follows: 

a) It is on software, it is convenient to do the experiment. 

b)  It is easy to change the parameters. So we can get the comparison of the various parameters with 

the results.   

c) There are no any other errors from the laboratory equipment.  

The method has some advantages as follows: 

a) The utilization area has limitations, it can‟t be utilized in CR networks, and we cannot prove it 

works in CR network. 

b) The parameters‟ values may have some errors with the real CR networks‟ parameters. It will make 

the errors.   
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4.3 Discussion of the Simulation and the Result 

As we do the simulation in Section 3.2, we succeed getting the energy of 100 samples and calculate 

the false alarm probability. It is different from the theory value we take. So the SNR can be considered 

as an important factor to influence the detections. By changing the value of the SNR, we get the 

relationship between the SNR and the detections, from the diagram, we can see from   2 dB to 0, 

SNR makes the energy detector performs best. We choose a proper value of SNR and repeat the 

simulation for 10 times, we can the false alarm probability    = 0.017, it matches the theory value    = 

0.01 within acceptable errors. Therefore, the results are satisfactory and the energy detector works 

successly in the simulation.
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5 Conclusions 

We succeeding simulate the output signals, and we distinguish whether there are primary users or not, 

we get how the SNR influences the detections. We also get the suitable SNR for the energy detector. 

So we almost get the final result of the spectrum sensing for cognitive radio based on Energy 

Detection as we expected. By comparing the theoretical value and the simulated value we can get that 

the result we get is reasonable and scientific. Considering the disadvantages and limitations of the 

method as mentioned in discussion part, we can do further works: 

 

a) Set the range of the errors between the threshold and the detected energy to distinguish the result 

within the acceptable errors.  

b) Try to implement the energy detection in C code to sense the spectrum in CR networks within the 

Linux system.    
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A1 

Appendix A 

Matlab code of the received signals 

 

W=1e+5; 

Ts=1e-2; 

N=2*Ts*W; 

sigman=1e-6; 

% SNR=-10dB 

sigmas=sigman*(10^(-10/10)); 

sig=sqrt(sigmas^2+sigman^2)*randn(100,N); 

for i = 1:100 

    ss = sig(i,:); 

   en(i)= sum(ss.^2); 

 

plot(en) 
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Appendix B 

0.2019     0.2144 0.2109 0.2170 0.1981 0.2023 0.2154 0.1957 0.2042 0.1970 

0.1895 0.2023 0.2004 0.1996 0.2082 0.2050 0.1932 0.1936 0.1977 0.2505 

0.2046 0.2005 0.2092 0.2105 0.2000 0.2055 0.2038 0.1998 0.2013 0.2076 

0.2011 0.2073 0.2028 0.2117 0.2077 0.2023 0.2027 0.2013 0.1944 0.1996 

0.2083 0.2030 0.1961 0.2121 0.2042 0.2051 0.1949 0.1984 0.2005 0.1994 

0.1971 0.2082 0.2053 0.2013 0.2015 0.1975 0.1981 0.1923 0.1931 0.2000 

0.1978 0.2007 0.2062 0.2076 0.2051 0.1930 0.2046 0.2065 0.2060 0.2053 

0.2046 0.2150 0.2014 0.2023 0.2093 0.2146 0.2089 0.2011 0.1989 0.2071 

0.1978 0.2027 0.1982 0.2029 0.1981 0.2015 0.2058 0.1950 0.2012 0.2035 

0.2064 0.1978 0.2001 0.2068 0.2052 0.2086 0.2085 0.1957 0.2046 0.2005 

Table 1 the energy of each samples 
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Appendix C 

Matlab code for the energy detector 

 

Pf=0.01; 

 

lamda=sqrt(4*Ts*W*sigman^4)*qfuncinv(Pf)+2*Ts*W*sigman^2 

 

for i = 1:100 

    ss = sig(i,:); 

   en(i)= sum(ss.^2); 

   en 

   lamda 

 

 

z(i)=en(i)-lamda; 

end 

detect = z>=0; 

sum(detect) 

 


