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Abstract: This paper explores how the vital function of spectrum sensing should be executed in 
cognitive radio networks. The cognitive receiver is required to be able to evaluate the spectral 
environment properly so that it may not create additional interference to the primary users. The 
sensing accuracy and time are conflicting parameters, therefore, a trade-off is necessary for an 
optimal efficiency. We propose a dual-approach solution. The decision about the spectrum 
occupancy is made using the measured signal-to-noise ratio (SNR) and the received signal levels 
as inputs in a fuzzy logic algorithm. The result is then compared with the one acquired using the 
statistical method. Finally, an optimal balance between the sensing time and accuracy is obtained 
for the current environmental conditions using the derived closed form expression. The algorithm 
has been implemented using the USRP platform and GNU Radio. The analysis of the results 
shows the efficiency of our proposal. 
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1 Introduction 
Cognitive radio (CR) has been the topic of numerous 
research studies in different areas since its conception 
nearly two decades ago. CR is considered as a viable and an 
important part of the wireless networks of the future 
because it can allow for more efficient spectrum utilisation 
and increase in the overall system throughput. CR devices 
are envisioned to provide new services and even operate 
within the coverage of different technologies, to cooperate 
with the users of their networks, since their operating 
frequency and modulation are programmable (Mitola and 
Maguire, 1999; Badoi et al., 2010). Different studies show 
that many of the frequency bands, used by the majority of 
the telecommunication services, are under-utilised because 
their average duty cycles are small (Dzulkifli et al., 2011; 
Islam et al., 2008). Software-defined radio (SDR) can be 
introduced to provide additional services, when the  
under-utilised frequencies are not employed by their 
incumbent users [i.e., the primary users (PU)]. The 
temporarily unused time-frequency resources are referred to 
as ‘spectrum holes’ (Haykin, 2005). However, the time, 
during which a specific portion of the spectrum is not used, 
can be very short and, therefore, the CR device (i.e., the 
secondary user, SU) must be able to quickly assess whether 
this chunk is free or not. The concept of the spectrum hole is 
shown in Figure 1. 
 

Figure 1 Spectrum holes and CR relocation to free portions of 
the band 

 

 

The SU is also required to be highly efficient in performing 
this evaluation process since a wrong conclusion can lead to 
either interference to the users that normally occupy the 
spectrum or a lost opportunity to utilise an empty band. For 
these reasons, the assessment (or sensing) capabilities of an 
SDR are a vital element of the device and an important topic 
for research. There are four traditional spectrum sensing 
techniques, which define how the signal detection could be 
performed. These are energy detection, cyclostationary 
detection, matched filter detection and wavelet detection 
(Chen and Prasad, 2009). In this paper, we focus on the 
energy detection technique, because it is fast and easier to 
formulate and implement as it has a more simplistic 
mathematical definition than the others (Chen and Prasad, 
2009). Currently, there are many proposals of spectrum 
sensing methods based on energy detection (Wujian et al., 
2012; Chye et al., 2014; Kaviarasu and Devapriya, 2014; 
Abdullahi et al., 2015; Khan and Nakagawa, 2013; 
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Srisomboon et al., 2015; See et al., 2013; Sarijari et al., 
2009; Rashid et al., 2011; Lee and Akyildiz, 2008; Liu  
et al., 2011; Pei et al., 2009; Liang et al., 2008; Bagwari and 
Tomar, 2013), however, very few of them present an actual 
implementation of such algorithms (See et al., 2013; Sarijari 
et al., 2009; Rashid et al., 2011; Liu et al., 2011) or find a 
trade-off between speed and accuracy (Wujian et al., 2012; 
Pei et al., 2009; Liang et al., 2008). In addition to this, the 
fact that practical applications will be facing new 
challenges, which should be analysed and considered, are 
among the premises of the study below. 

Important results with respect to finding a suitable  
trade-off between the speed and accuracy of the sensing 
algorithm were presented in Wujian et al. (2012), Pei et al. 
(2009) and Liang et al. (2008). All of them study the way of 
operation of the CR device and provide a viable 
mathematical formulation of the solution to the problem, but 
there are not any solutions yet for practical 
implementations. 

There are a few theoretical works Abdullahi et al. 
(2015), Taghavi and Abolhassani (2011) and Khan and 
Nakagawa (2013) which exploit the concept of fuzzy logic 
(FL) for CR applications. They concentrate, however, on the 
cooperative spectrum sensing case. The authors in 
Abdullahi et al. (2015) propose an algorithm, which makes 
the decision about the occupancy of the spectrum, based on 
FL. It takes as inputs the received signal energy and the 
SNR measured by the individual CR devices in the network 
and determines which portions of the spectrum are vacant, 
and which not. This decision is made by the centralised 
Spectrum Management Subsystem. The typical performance 
metrics and the speed of the sensing technique are not 
considered here since the algorithm produces only logical 
decisions as outputs. In contrast to this, the algorithm in 
Taghavi and Abolhassani (2011) incorporates numerical 
outputs as well, for the calculation of the probabilities of 
false alarm and detection in the presence of malicious CR 
users. Thus, the robustness of the cooperative spectrum 
sensing method in terms of security is assessed. A similar 
variant of cooperative spectrum sensing is found in Khan 
and Nakagawa (2013) but it is distinguished by the way it 
produces its output. Certain weights are assigned to the 
sensing results of the individual CR users, to define a 
measure of credibility for each user. This measure is then 
used for the calculation of the decision metric in the 
centralised cognitive access point. Thus, in view of the 
existing research, there is very limited data on the operation 
of FL based spectrum sensing applications for the case of 
individual CR devices. Several studies utilise the universal 
serial radio peripheral (USRP) to create practical 
implementations of spectrum sensing (See et al., 2013; 
Sarijari et al., 2009; Rashid et al., 2011; Liu et al., 2011) but 
their focus is primarily on the performance of the algorithm, 
not considering the optimisation of its execution speed. 

Another important issue is the noise uncertainty, which 
represents the fluctuations of the noise variance in different 
environments and degrades the performance of the detector. 
The authors in Tandra and Sahai (2008) coined the term 

SNR wall, which they define as the received signal power 
being less than the noise uncertainty, which would result in 
impossible detection, even if the sensing time is increased. 
This problem has been considered in some works, which 
simulate low-SNR environments (Chye et al., 2014; 
Kaviarasu and Devapriya, 2014; Srisomboon et al., 2015). 
One approach to address this issue is to increase the 
probability of a correct assessment by applying an 
additional, more robust sensing method, if the measured 
SNR levels are low and the decision is not easy to obtain by 
the first technique (Kaviarasu and Devapriya, 2014; 
Srisomboon et al., 2015), or to adapt the sensing time in 
order for sufficient measurements to be made (Chye et al., 
2014). 

As in practical implementations there are factors, related 
to the equipment capabilities such as measurement 
accuracy, fluctuations, tolerance, etc., which do play an 
important role in obtaining correct measurement results, we 
expect that these influences would introduce the need for 
the adaptation of the outputs, so that they would match the 
acquired data. Such considerations are not necessary in 
computer simulations because the causes for these do not 
exist in a virtually reproduced environment. These aspects 
have been addressed, where appropriately, in the next 
sections, with the explanation of the operation of the 
algorithm. 

The rest of the paper is organised as follows. Section 2 
explains the energy detection method, which is used as a 
basis for the whole algorithm. Then the mathematical 
presentation of the function of the proposed solution is 
derived in Section 3. The logic of the algorithm is explained 
in Section 4. In Section 5, we present the measuring 
equipment and the software used to conduct the 
measurements. Further, the measurement scenario and some 
implementation characteristics are described in Section 6. 
Section 7 discusses and analyses the results. Section 8 
concludes the paper. 

2 Energy detection spectrum sensing 
2.1 Energy detector basics 
This classic method is easy to define and implement and 
that is the reason why it is widely used in signal detection 
algorithms. It was defined by Urkowitz (1967) and its 
derivation usually follows the same pattern of reasoning in 
the recent studies on energy-detection-based spectrum 
sensing. 

In this method, the assessment of the spectrum is made 
using the squared average received signal energy y(k) over a 
number of samples N (Chen and Prasad, 2009). The two 
hypotheses (of the presence and absence of a PU signal) can 
be formulated as in equation (1): 

0

1
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( )

( ) ( )
n k H

y k
s k n k H


=  +
 (1) 

The hypothesis H0 holds when the received sample contains 
only the noise signal n(k) and the alternative H1, when it 
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contains the PU signal and the noise. In this study, we 
describe both the signal s(k) and the noise as Gaussian 
distributed with zero mean and variances of σs and σn, 
respectively. The histograms of the received signals during 
the experiments show that our Gaussian distribution 
assumption is justified. That is to be expected because we 
use an orthogonal frequency division multiplexing (OFDM) 
modulated signal for transmission. 

Similar to most works, which study the energy detector 
(Wujian et al., 2012; Chye et al., 2014; Kaviarasu and 
Devapriya, 2014; Lee and Akyildiz, 2008; Liang et al., 
2008; Bagwari and Tomar, 2013), we assume that while not 
being a constant, the value of the number of observed 
samples N can change in a wide range, but is always a 
positive number, greater than zero, and smaller or equal to 
the sampling rate fs, multiplied by the sensing time τ. In the 
theoretical derivation, we will assume that N = τfs 

2

1
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N

n

T y y k
N =

=   (2) 

Then, the average energy is compared to a threshold λ. If it 
is greater than the threshold, the detector decides (D) that 
the PU signal is present and thus, the band is occupied. 
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1
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D
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<

=  ≥
 (3) 

The digital implementation of the energy detector does not 
require analogue pre-filtering since the digitised samples 
produced by the fast Fourier transform (FFT), provide more 
adaptable representation of the received signals (Chen and 
Prasad, 2009). This is illustrated in Figure 2. 

Figure 2 Digital implementation of an energy detector 

 
Source: Chen and Prasad (2009) 

Following from our assumption concerning the signal and 
noise distributions, we can utilise the standard conclusion 
(Wujian et al., 2012; Chye et al., 2014; Pei et al., 2009; 
Liang et al., 2008; Urkowitz, 1967) that the test statistic T(y) 
is also Gaussian-distributed (since, as stated above, the 
number of samples is sufficiently large to allow us to use 
the central limit theorem). 

That also leads to the widely-used expressions, which 
give us the probabilities of detection Pd and of false alarm 
Pfa (Liang et al., 2008). From the equation for the 
probability of detection we can obtain an expression, which 
allows us to calculate the decision threshold λ, if we set Pd 
to a desired value we seek to achieve, in order to provide for 
an accurate detection in the current measured SNR γ. In that 
way, a threshold is calculated which ensures a certain 
probability of detection. Substituting λ in the equations for 
Pd and Pfa, we get the probabilities of detection and of false 

alarm for the threshold we have computed. We can also 
obtain the minimum number of samples Nmin, which we 
need in order to make an efficient estimation of the band, by 
setting both Pd and Pfa as parameters (Liang et al., 2008). 

2.2 Fuzzy-logic-based energy detection 
The FL concept is built upon the idea that the human mind 
can classify data into categories, which will lead to a 
specific decision (Sivanandam et al., 2007). The values of 
the input parameters are fuzzified, which means that they 
will be categorised on the basis of a predetermined database 
(preliminary measurements and grouping define the 
boundaries of the categories and new data will be mapped to 
them automatically). Since a value may fall within a group 
but represent a nuance of its participation in it (the value 
may not be just ‘high’ but ‘very high’, ‘slightly high’, etc.), 
this variation is expressed by the membership function. If 
the parameters are grouped in a specific category, a 
predefined decision will be taken. After that, the parameters 
are defuzzified, so that an output value, which characterises 
the specific category, may be produced. It will be used later 
in the system, to represent the influence of the FL decision. 
Figure 3 shows the method of operation of the FL scheme 
(Sivanandam et al., 2007). 

Figure 3 FL method 

 

In our case, we will use the SNR and the received signal 
power (Pr) levels as the inputs and classify them into three 
categories – ‘low level’, ‘medium level’ and ‘high level’. 
The decisions, which will characterise these groups are set 
to be ‘PU is absent’, ‘uncertain’ and ‘PU is present’, 
respectively. In the second case, no decision will be made, 
and the output of the classic energy detector will be 
considered. After some measurements, the boundaries of the 
categories were set, which are the average values of our 
input parameters for the cases when the PU is idle, transmits 
with interruptions (for the ‘medium level’) or without such. 

Table 1 reviews the FL inputs and output. The output 
will have the meaning of the decision threshold of the 
energy detector. If both the SNR and Pr levels fall within 
the same category, the algorithm will make the decision, 
associated with it. In the opposite case, it will take the same 
action as when ‘medium level’ is decided. 
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Table 1 FL method inputs and output 

Inputs Low Medium High 

SNR, dB < 1.69 (1.69; 6.64) > 6.64 
Pr < –110.5 (–110.5, –100.31) > –100.31 
Output λ′ 

The decisions made by the statistic expressions stated in 
Section 2.1 will always be used to check those made by the 
FL method. If they concur, the output of the latter will be 
considered and if they do not, the algorithm will disregard 
it. Table 2 shows these dependencies. The particular values 
of the SNR and Pr levels are obtained via the measurement 
data we have obtained in our experimental setup detailed in 
Section 6.1. 

Table 2 FL method rules 

SNR 
Pr 

Low Medium High 

Low Low Uncertain Uncertain 
Medium Uncertain Medium Uncertain 
High Uncertain Uncertain High 

The defuzzification of the FL decision is done by using the 
expression (Sivanandam et al., 2007): 

( )
( )

( )
( )

M M r r

M M r

μ SNR SNR μ P Pλ
μ SNR μ P

+′ =
+

 (4) 

where λ′  is the decision threshold, produced as an output, 
and μM(SNR) and μM(Pr) are the membership functions of 
the SNR and Pr, respectively. In our case they will be both 
equal to one because we consider that each value is either a 
member or not, of each group (there are no varying degrees 
of membership). 

3 System model 
3.1 Modelling of the time-accuracy trade-off 

expression 
To characterise a time-accuracy trade-off equation (5), we 
need two components: one which accounts for the 
efficiency of the detector and another to represent the 
influence of the predicted PU activity (whether it makes a 
transmission or not) (Wujian et al., 2012; Pei et al., 2009; 

Liang et al., 2008). The goal is to obtain an appropriate 
balance between the performance (Pd and Pfa) and the 
sensing time (τ) of the algorithm. T is the size of the SUs 
frame and T – τ is the time period, during which the CR 
device will be set to use the band, if it is found to be 
available. 

( ) ( )( ) , ,ON OFF d fa
T τη τ ψ PU PU P P

T
−= φ  (5) 

Depending on the purpose and scope of the algorithm, these 
elements can be formulated in different ways; here, we want 
to concentrate on the CRs ability to assess the channel 
correctly and minimise the time it takes to complete this 
task. We define these in the following manner. 

We seek to find the probability that the PU will be in an 
idle (or ‘OFF’) or an active (‘ON’) state and this will be 
detected correctly Pei et al. (2009) and Liang et al. (2008). 
This relation is expressed in (6). 

( ) ( ) ( ), ( ) 1 ( ) 1d fa fa dP P P OFF P P ON P= − + −φ  (6) 

The states of the PU may in general undergo a random 
change but in our experimental setting, we use an OFDM 
transmitter, which sends a stream of packets that, gets 
interrupted for some time after a specified number of 
transmissions. Therefore, it becomes possible to calculate 
the probabilities of the PUs states in this case. 

3.2 Modelling of the PUs influence 
To derive the equation, which will represent this effect, we 
assume that the PU states follow the model of a renewal 
process (Wujian et al., 2012; Haviv, 2013). Figure 4 
displays this alternation. 

We define { } 1
ON

i iT ∞
=  and { } 1

OFF
i iT ∞

=  as the sets of the 
independent and identically distributed random variables 
TON and TOFF, which represent all the realisations of the 
periods during which the PU is in idle and active states, 
respectively, during an interval [0, t]. The means of TON and 
TOFF are 1

ONμ−  and 1 ,OFFμ−  correspondingly. The number of 
each of their realisations is given by 

{ }
0 1 1

0

, 0;

( ) sup 0 , { , }

N
j j j j ji

n ni n n
i

jj
n

S T T S S T

T t n S t j A ON OFF

+ +
=

= = = +

≡ ≥ ≤ ∈

  

Figure 4 PUs transmission model (see online version for colours) 
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Because, by their nature, every instance of TON and TOFF 
expresses two processes that take place one after the other, 
they form a cycle during which the PU goes from active to 
idle state. TON is the period that has elapsed since the last 
time the PU would be in an idle state, and TOFF is the 
residual period. Thus, we can describe the whole cycle by 
adding them together to obtain the period TRP, or the 
renewal (length) process of the PU. It follows the same 
definitions of its set of realisations 1{ }RP

i iT ∞
=  and the sum 

thereof. 

{ }
0 1 1

0

, 0;

( ) sup 0

N
RP RP RP RP RP RP
n ni n n

i

jRP
RP

S T T S S T

T t n S t

+ +
=

= = = +

≡ ≥ ≤


 

We assume an exponential distribution for 1{ }ON
i iT ∞

=  and 

1{ }OFF
i iT ∞

=  and, therefore, the whole renewal process will be 
distributed in the same way. Thus, the probability density 
function of the length process will be a convolution of its 
components (Wujian et al., 2012; Haviv, 2013). 

( ) ( )RP ON OFFf f t f t= ∗  (7) 

{ }

1 exp , 0
( )

0, 0
;

j jj

t t
μ μf t

y
j A ON OFF

  − ≥  =   
 <

∈

 (8) 

exp expOFF ON
RP

OFF ON ON OFF

μ μ t tf
μ μ μ μ

    = − −    −     
 (9) 

If the band that is being sensed by the CR is found to be 
free, it would initiate transmission which will last until the 
end of the frame for period (T – τ). If during this time, the 
PU returns to this channel again, it would experience 
interference from the SU (or in other words, the two  
packet-streams will collide, Wujian et al., 2012). It is 
desirable that any such collision is avoided during the SU 
transmission period. For that purpose, we need to find the 
probability of the residual life of the residual period (also, 
referred to as a length bias distribution in Haviv (2013), and 
it represents the probability that no collisions Pnc would 
occur during the (T –τ) period). 

( )

( )

1 1

3

2 2

( )
( )

exp exp

exp exp ,

RP
T τ
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OFF ON

OFF ON ON OFF

ON OFF

ON OFF

OFF ON
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f t
P τ

E T
μ μ t t
μ μ μ μ

μ μ

t tc
μ μ

μ μ
c

μ μ

∞

−

− −
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    − −    −     =
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    = − −    
    

=
−



 (10) 

3.3 Trade-off calculation 
Having derived the components of the trade-off expression, 
we have its final form. 

( )

( ) ( )( )

( ) ( ) ,

exp exp

  ( ) 1 ( ) 1

nc d fa

ON OFF

fa d

T τη τ P τ P P
T

T τ t tc
T μ μ

P OFF P P ON P

−=

−     = − −    
    
− + −

φ

 (11) 

Because the period of the frame T is a pre-defined 
parameter, it is necessary to obtain the optimal value of τ, so 
that we secure a collision-free transmission period and an 
accurate detection. To do this, we need to find the first 
derivative of the expression with respect to τ and equate it to 
zero. Solving the equation for τ, we get the value of the 
sensing time, and if the algorithm has detected an absence 
of the PU on the channel, the CR will initiate a transmission 
for a period of (T – τ). 

( )

( )

exp
( ) 1( ) ,

exp
( ) ,

OFFη
d fa

τ OFF

OFF
d fa

OFF

T τ
μδ τ

c T δ P P
δ T μ

T τ
μ

c T δ P P
μ

  −  −   
   = − −   

 −  −   
   − − −  

φ

φ

 (12) 

4 Spectrum sensing algorithm 
The proposed solution is shown in Figure 5 and it illustrates 
how the algorithm performs for the span of one SU frame 
period. At the beginning of each frame, an initial sensing is 
performed, which allows for calculating how many 
measurement samples (N) would be needed to properly 
assess the occupancy of the band. After that, we conduct N 
more measurements to acquire the average SNR, received 
power (Pr), Noise power (Pn) which we will use, to make 
the decision. Next, the FL method is executed and produces 
its output. 

Figure 5 Algorithm flow-chart (see online version for colours) 

 

The statistical equations are used to calculate the energy 
detection decision threshold, which has the meaning of the 
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SNR (i.e., we test whether the SNR is higher or not than this 
threshold, to decide). If the decision of the FL phase is the 
same as the one made using the statistical equations, then it 
will be assumed to be correct. If they do not match, then the 
decision made by the statistical phase will be considered as 
final. Then, with the obtained decision threshold, the 
probabilities of detection and of false alarm are calculated 
and substituted in (11). Thus, the sensing time for the next 
instance is computed and so is the SU transmission period, 
if the channel is available. If it is not, the algorithm returns 
to the beginning. Otherwise, its operation is simply 
suspended for the duration of that period due to the fact that 
the transmission functionality is not implemented 
(examining the operation of a CR network in the premise of 
a primary one is outside the scope of this study). In the case 
when there is not enough time left in the frame, the 
algorithm will wait for the frame to end, and then return to 
the starting point. 

5 Measurement equipment and software 
For the implementation of the proposed algorithm, we 
utilise the widely used hardware platform USRP by Ettus 
Research (http://www.ettus.com) and the GNU Radio 
package, which provides a comfortable solution for working 
with the measurement equipment. The USRP consists of a 
motherboard and a daughterboard. Our model (USRP2) 
features two analogue-to-digital converters with a sampling 
rate of 100 MS/s and two 400 MS/s digital-to-analogue 
converters, programmable digital up- and down-converters, 
a Gigabit Ethernet Interface which is used for connection 
with a computer, able to work with bandwidths up to 100 
MHz and a capability for creating MIMO systems (The 
USRP2 Wiki Page). The daughterboard we use is 
XCVR2450, which is a half duplex dual-band transceiver 
which can operate at 2.4 GHz and 5 GHz bands and 100 
mW output power (XCVR2450 daughterboard details). 

The GNU Radio software package (The GNU radio wiki 
page) allows us to operate with the scripts (written in C++) 
that control the work of the USRP via Python blocks and 
modules. They connect with the C++ code through 
simplified wrapper and interface generator (SWIG) and with 
their help, the logic behind different algorithms for 
transmitters/receivers can be built more comfortably. The 
GNU radio also includes a GUI, which makes the process 
even easier. However, one can manipulate directly the 
Python scripts to modify the blocks or construct algorithms. 
The software platform allows for SDR systems to be 
implemented appropriately since the blocks of the 
transmitter/receiver are constructed within its scope and are 
programmed into the USRP, so that it can realise any kind 
of wireless standard or device. Both the GNU radio and the 
USRP are open-source, which makes them even more 
applicable in the area of scientific research. 

6 Measurement setting and implementation 
details 

6.1 Experimental setup 
The simulation consists of two USRP2 platforms at 70 cm 
apart and each connected to a host computer (see Figure 6). 

Figure 6 Measurements setup (see online version for colours) 

 

One of them plays the role of the PU transmitter, which 
transmits discontinuously and the other is our SU device, 
which is sensing the band. For our experiment, we utilise 
the scripts usrp_spectrum_sense.py and benchmark_tx.py, 
which are a part of the GNU Radio package. We build our 
sensing algorithm on top of the former, while the latter is 
used for our PU transmitter. The file benchmark_tx.py 
transmits OFDM modulated packets and discontinues 
transmission for three and ten seconds at every 1,300th and 
10,000th packet, respectively, to allow for emulating a 
heavy-traffic PU band, which would be occupied most of 
the time, except for brief moments, during which the CR 
device can utilise the unused spectrum. We conduct ten 
transmission cycles and during each of them, the PU sends 
50,000 packets using BPSK modulation for the OFDM 
symbols. The centre frequency is 5.003 GHz, the bandwidth 
is 1 MHz, the number of FFT bins is 64 (15.625 kHz each) 
and 52 of them are occupied. Each packet contains  
400 bytes. The cyclic prefix length is set to 16 bits. During 
each cycle, the transmitter’s amplitude is different and we 
change it in the range between 0.01–0.05 and 0.1–0.5, 
relative to the capabilities of the USRP. The transmit gain is 
0 dB. 

The second file usrp_spectrum_sense.py allows for a 
specified bandwidth in some explicit frequency range to be 
scanned and represented in chunks of equally- sized  
sub-bands, each of which are measured. In other words, the 
scripts measures the energy found on each FFT bin. Then it 
divides that energy by the sample rate, to obtain the 
received signal power. The minimal value from all of the 
bins is taken as the noise floor, which therefore is constant 
for all sub-bands. The logic of the proposed spectrum 
sensing algorithm explained in Section 4 is built on top of 
this file and it runs as long as the transmitter does. The same 
bandwidth and centre frequency as those of the transmitter  
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are covered and represented in 64 sub-bands. However, the 
operation of this script is slightly different because it uses as 
an input the sample rate, rather than the bandwidth. Thus, 
following Shannons law, we need to set it at 2 MS/s and 
also double the number of FFT bins so that the sub-bands 
match with the transmitter (15.625 kHz) (13). It should be 
noted that the USRP will yield only these 64 bins. Their 
bandwidth can also be given as an input parameter. 
Performing the measurement in this way provides us with 
the possibility to obtain all the bins we need, since the script 
removes 12.5 % of the samples both in the beginning and 
the end of the spectrum. 

sample rateFFT size
bandwidth of one sub-band

=  (13) 

By setting the minimum and maximum frequencies to 
5.0025 GHz and 5.0035 GHz, respectively, we define the 
band, which the USRP will sweep. The receiver gain is set 
to the midpoint of the device capabilities (in this case, 16.65 
dB). Important parameters of the script are the tune delay 
and dwell delay. The former defines the time the device is 
to wait after changing the operating frequency and then it 
can begin the current measurement. Dwell delay sets the 
period, during which the sweep of the whole band will be 
performed. These two criteria together define the amount of 
time the whole script will require for the execution. 

The performance goal is to achieve a probability of 
detection of 0.9 and a probability of false alarm of 0.1 
(Stevenson et al., 2009). 

6.2 Implementation characteristics 
Since the measurements are performed on a real world 
platform and environment, there are quite a few aspects that 
need to be considered. The main reason for them is the 
limitations of the equipment. They will be outlined in this 
section. 

When it comes to applying the FL method, it was found 
that in low SNR conditions, it produces threshold values, 
which, although not affecting the decision-making, have a 
smaller magnitude than the outputs of the statistical phase. 
In those cases, the FL threshold is multiplied by 3 (defined 
empirically during the measurements) to match the 
proportion of its alternative. This is important since the 
probabilities of detection and of false alarm depend on the 
threshold value and a difference in the order of its 
magnitude can lead to errors. 

During the trial measurements, it was observed that the 
values of the FFT bins, measured at the centre frequency 
and those in the vicinity, are significantly higher than the 
others even when there is no transmission. For this reason, 
they are ignored and thus, the band is actually represented 
by 60, rather than 64 bins. This anomaly has also occurred 
in an earlier study, which also provides a channel-sweeping 
solution (Rashid et al., 2011). 

To limit the possible range of values to which the dwell 
delay can be assigned, trials were performed in order to 
understand how the sensing (dwell delay) time will affect 

the measurement accuracy of the noise floor and the 
received power. Figure 7 shows the difference in the values 
compared to those measured with the longest dwell delay 
(250 ms) for various sensing times. The results are obtained 
by performing 30 measurement sweeps for each dwell delay 
time. 

Figure 7 Measurement accuracy differences for different dwell 
delay periods (see online version for colours) 

 

During the trials it became apparent that the tune delay time 
needs to be set to accommodate for the period the receiver 
and the program require to fix the centre frequency. Thus, it 
was set at 70 ms and it remains a constant. Then we have 
the dwell delay as a parameter that we can change during 
the operation of the algorithm. In this implementation, it is 
the sensing time, during which the scripts performs one 
measurement. 

The actual execution time of the algorithm is composed 
of the sensing and tune delay times of all N + 1 
measurements, completed during its current run (see  
Figure 5). At this point, it should be mentioned that it does 
not support the sweeping of just some portions of the band, 
which makes it impossible to consider the results we obtain 
for the sub-bands, on the individual scale. The measured 
power on each of them is averaged over the whole band. 
Therefore, we have to consider it as a single band and thus, 
the input SNR and Pr are actually the average values over 
all the sub-bands. In respect to these facts, we need to 
determine the frame size of the CR which has to allow for 
the whole algorithm to be executed at least once. For this 
reason, a length of 10s was chosen for the frame. Also, in 
connection to that, the value of T in (5), (10) and (11) 
should not be equal to the actual frame size, because it has 
to be relative to the period, for which one instance of the 
algorithm is executed. Since the average execution time is 
five seconds, we set T = 5 and normalise it by dividing by 
60. That is done to because we cover 60 sub-bands and the 
time each of them is measured contributes to the overall 
sensing time for the whole band. Depending on the 
circumstances, other parameters in (10) may also need to be 
normalised. 

Another aspect to be considered is the number of 
samples N that the detector needs to accurately assess the 
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occupancy of the band. From the equation for calculating 
the minimum required number of samples (Liang et al., 
2008) we can see that this number rises exponentially as the 
SNR decreases. Figure 8 shows that for very low SNR 
conditions (< –15 dB), there will be a need of tens of 
thousands of measurements to be performed, which would 
require an intolerable amount of time. Trials demonstrated 
that the processing power is a limitation in this regard as 
well. For this reason, the minimum value of the average 
SNR for the band that will be acceptable is set to 9 dB. If it 
is below this value, the algorithm will discard the initial 
measurement and start a new one. 

Figure 8 Minimum number of samples required for accurate 
sensing for different SNR (see online version  
for colours) 

 

7 Measurement results 
In the following we analyse the parameters which represent 
the performance of the proposed solution in terms of 
accuracy and speed. Since most of the results depend on the 
input SNR, it is the basic parameter which is used to relate 
them. The plots in Figures 9 to 20 show their distributions. 
Here, the efficiency of the algorithm is compared for two 
cases the single and the hybrid ones. The former presents 
the classic case of the spectrum sensing using only the 
statistical expressions and the FL phase is not implemented 
at all. The hybrid case utilises both methods, according to 
the description in Section 4. 

Figure 9 Probability of false alarm versus SNR when only the 
statistical method is employed (see online version  
for colours) 

 

7.1 Time-accuracy trade-off in single case spectrum 
sensing 

The performance of the algorithm is assessed as follows. 
The distribution of the probability of false alarm in relation 
to the SNR is shown in Figure 9. 

Figure 10 Probability of detection versus SNR when only the 
statistical method is employed (see online version  
for colours) 

 

Figure 11 Complementary receiver operating characteristic when 
only the statistical method is employed (see online 
version for colours) 

 

It can be seen that it changes marginally as the SNR 
decreases but there are occurrences of a drastic rise under 0 
dB. Since we have set the probability of detection as a 
constant at 0.9, which we use to obtain the decision 
threshold, there is a negligible variation from that value (see 
Figure 10). This can be attributed to the different rounding 
of the parameters in the equation for calculating the 
probability of detection (Liang et al., 2008). The 
complementary Receiver Operation Characteristic (see 
Figure 11) portrays the efficiency of the energy detector 
regarding both of the possible errors it may make the 
probability of miss-detection Pmd and the probability of false 
alarm Pfa. It confirms the fact that Pmd has very small 
fluctuations and the large but rare rise of Pfa does not affect 
it significantly. Therefore, it can be seen that the 
performance is mostly unchanged during the operation of 
the algorithm. 

Figure 12 shows that the probability of false alarm rises 
as the number of samples increases. However, this becomes 
apparent only in the cases where more than 14 samples have 
been taken. Since this occurs only in low SNR conditions 
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(see Figure 8), if we examine the distribution of N as given 
in Figure 13, it can be seen that there is a case of an ‘SNR 
wall’ around 0.2 dB. Thus, by applying formula (6) from 
(Tandra and Sahai, 2008), it is easy to calculate that the 
noise uncertainty in our setting is 2 dB. Therefore, when the 
SNR is less than this value, an increase in the number of 
samples will not improve the performance of the detector. 
This also explains its degradation when the SNR is lower 
than the noise uncertainty as seen in the results for Pd, Pfa 
and the receiver operation characteristic. Since N does not 
depend on the threshold calculation, the interpretation of 
this occurrence in the hybrid case is the same. 

Figure 12 Probability of false alarm versus the obtained number 
of samples (see online version for colours) 

 

 

Figure 13 The obtained number of samples versus SNR when 
only the statistical method is employed (see online 
version for colours) 

 

Figure 14 Cumulative distribution function of the dwell delay 
periods (see online version for colours) 

 

 

The speed of the algorithm is assessed using the dwell delay 
periods (see Section 4), the overall running time of the 
algorithm and the intervals of SU ‘transmission’. The results 
for the first of these (see Figure 14) show that, in our 
setting, the difference between the dwell delays computed 
for each following instance of the measurement is 
negligible. This is due to the fact that in this design, it is the 
parameters that are constants and they have the major 
influence in (10) and (11). 

Figure 15 Algorithm execution time versus SNR (see online 
version for colours) 

 

 

However, when we look on the execution time of the 
algorithm as a whole (see Figure 15), it is seen that, as the 
SNR increases, the execution time declines. This is due to 
the fewer measurement samples that are necessary to 
determine the occupancy of the band in more favourable 
SNR conditions. There is a steady slope for the high SNR 
because after 8 dB the number of samples changes 
negligibly. As for the ‘transmission’ time interval (see 
Figure 16), it is evident that during the majority of the 
occurrences, it was set to be less than four seconds. Very 
rarely was it longer than five seconds. 

Figure 16 Cumulative distribution function of the transmission 
time periods (see online version for colours) 

 

7.2 Time-accuracy trade-off in hybrid case spectrum 
sensing 

Following a similar pattern, we evaluate the performance of 
the algorithm when its FL phase is implemented. 
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Figure 17 Probability of false alarm versus SNR when both the 
statistical and FL methods are employed (see online 
version for colours) 

 

Starting with the probability of false alarm (see Figure 17) 
the CDF shows that in this case, the performance is slightly 
increased. The probability of detection has benefited from 
the introduction of the FL element (see Figure 18). The 
complementary receiver operation characteristic in this case 
(see Figure 19) shows the same pattern as its alternative, but 
the rise in efficiency is evident, as it has already been 
mentioned. 

Figure 18 Probability of detection versus SNR when both the 
statistical and FL methods are employed (see online 
version for colours) 

 

 

Figure 19 Complementary receiver operating characteristic when 
both the statistical and FL methods are employed  
(see online version for colours) 

 

 

Figure 20 Cumulative distribution function of the percentage of 
correct FL decisions (see online version for colours) 

 

The dwell delay does not show any visible change for the 
same reason stated above. The results for the algorithm 
execution time are identical to those in the alternative case, 
since this parameter depends only on the SNR levels, which 
are very similar because the measurements for both 
scenarios were performed with the same transmitter setup. 
The reasoning for the length of the ‘transmission’ time 
interval is analogous. 

Because the overall decision threshold for the whole 
band is averaged over all the sub-bands, only those who 
have as a result the FL output will make a difference in the 
performance of the algorithm. To ensure an accurate 
outcome, the FL decisions are compared to those from the 
statistical expressions (as explained in Section 4). Figure 20 
shows the percentage of the perceived correct FL decisions. 
We can see that a significant percentage is often attainable 
but a complete accuracy for all bands is rarely reached. The 
reason for that can be derived from the strict FL rules, 
which aim to ensure accurate decision-making. 

8 Conclusions 
The current study described the performance in terms of 
accuracy and sensing time of the proposed trade-off solution 
for spectrum sensing in a real-world scenario implemented 
using the USRP2 platform. Each such endeavour requires 
careful consideration of the parameters, which are to be 
used. That is because the equipments processing limitations 
and the realisation of the measurement method may require 
normalisation of some parameters. This may result in 
incomplete presentation of the evaluated band and loss of 
data. The distance between the transmitters and the 
receivers, and the way in which the input is obtained, also 
plays a role. It was shown that the introduction of an FL 
element, which complements the process of making the 
decision on the channel occupancy, provides slight gains in 
terms of efficiency. However, this method has the downside 
that it requires information on the magnitudes of the 
received signal power, so the boundaries of the groups can 
be defined. On the other hand, it is common when studying  
energy-detector-based algorithms for an effort to be made to 
determine the decision threshold manually using empirical 
data. In this paper we derive the threshold analytically by 
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setting the probability of detection as a parameter (in the 
statistical expression phase) or by using FL. The work also 
provides an example of how the equipment and the software 
which operates it, affect the execution of the algorithm. 

A direction for further research would be to implement 
the proposed algorithm in a scenario where there are 
multiple CR devices. In that case it is clear that some SUs 
will perceive the channel differently than others because of 
the quality of their reception. This makes it necessary for 
them to cooperate in order to determine the spectrum 
occupancy. It is likely that this will make the detection 
process slower and may make the speed-accuracy trade-off 
more difficult. Then, if they have an opportunity to utilise 
the resource, they will need a multiple access scheme. 
Parameters like quality of service and throughput of the CR 
network can also be examined. 

We can also seek optimisation of the way in which the 
algorithm is implemented. It is possible to use GNU Radio 
to sense a band directly as a single chunk in contrast to 
representing it as a composition of FFT samples. In that 
case, however, we would have to consider how to process 
the measured energy in order to obtain realistic results. 
Another issue is how to define the noise so that we could 
estimate the SNR. Important to consider are as well the 
characteristics of the hardware platform. The USRP2 has 
limits on how narrow an individual band can be. Trials have 
shown that it is not able process singular bandwidths below 
192.312 kHz so alternatives must be sought if spectrum 
sensing in a narrow-band standard is to be implemented for 
practical study. 

Including a more sophisticated model of the channel and 
the received signals will lead to more accurate results but it 
may be much more difficult to formulate and implement. 
Using matched filter or a cyclostationary detector is a viable 
solution because they offer a more flexible description of 
the structure of the signal. The presence of the noise 
uncertainty is also important and needs to be study more 
using practical implementations and it may have to be 
determined empirically depending on the conditions of the 
environment. 
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