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Abstract 

The main objective of WP2 is to identify and analyze spectrum availability and 

opportunity schemes. This deliverable provides verification work done under the scope 

of WP2.  Practical implementations and measurements are needed to overcome the 

simplified assumptions that are usually made in theoretical analysis. In this 

deliverable, performances of various sensing methods are verified ranging from simple 

energy detection to complex cooperative detection schemes. The benefits of 

combining geolocation database with collaborative spectrum sensing are presented 

and verified using simulations and measurements. In addition, measurement results 
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showing the polarization discrimination in a challenging indoor environment are 

provided. 
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Executive Summary 

The main objective of WP2 is to identify the methodology and performance of spectrum 

opportunity discovery schemes. In other WP2 deliverables we have introduced the 

methodology for assessing secondary spectrum usage opportunities, analyzed the 

detection performance with multiple secondary interference and for cooperative 

schemes. 

This deliverable presents laboratory and field measurements done within WP2. The 

target is to provide measured and verified performance results for different spectrum 

availability and spectrum opportunity methods. Often simplified and too optimistic 

assumptions are made in system modelling when theoretically assessing the 

performance of different spectrum opportunity and detection schemes. By doing practical 

measurements, issues such as equipment imperfections, noise uncertainty, realistic 

channel models and environmental effects can be taken into account. As a result, more 

realistic performance results can be obtained. 

First part of this deliverable, Section 2, discusses about various spectrum sensing 

methods and presents their verified performance results. Important metrics for sensing 

performance are the probability of detection and probability of false alarm. The discussed 

and implemented sensing methods are energy detection, maximum minimum eigen 

values detection (MMEVD), spectrum discrimination, higher order statistics (HOS) –

based detection, and cyclostationary detection. Also results for cooperative schemes 

based on energy detection and local higher order statistics are provided. Energy 

detection is the simplest sensing method, but it requires prior knowledge of the system 

noise and therefore is not very reliable. MMVED does not need information about the 

noise, but is quite complex. Spectrum scanning can also be implemented by using 

MMEVD. Spectrum discrimination provides less complex solution than MMEVD and 

showed promising performance results. The performance of HOS based detection 

increases significantly with respect to the sample size and gives reliable detection with 

low SNR levels, but it also requires high processing capability. Cooperation between 

sensing nodes improves detection performance, but the results depend on the data 

fusion method. Equal Gain Combining (EGC) showed the most reliable results.  

The second part, Section 3, proposes and analyzes a hybrid spectrum detection method 

where collaborative sensing is used in combination of geolocation database. Geolocation 

databases suffer from inaccurate propagation modelling, and as a result large protection 

margins are used to guarantee the protection of primary users. The goal here is to 

improve the accuracy of geolocation database by applying sensing information.  

Third part of this deliverable, Section 4, discusses about the polarization discrimination 

between primary and secondary users. Television is usually transmitted either with 

horizontal or vertical polarization. This can provide advantage when secondary system 

uses orthogonal polarization compared to television. Measurements in a challenging 

indoor environment unveil that the spectrum discrimination is significantly lower than in 

fixed roof-top scenario due to reflections. Measurements also show that omnidirectional 

antenna can provide reasonable discrimination, but a directional antenna cannot.  
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1 Introduction 

Most of the research work in the field of spectrum availability and spectrum opportunity 

detection relies on purely theoretical models. While the theory provides a solid 

background for thorough mathematical understanding of the detection mechanisms, it 

cannot capture all specific inherent nuances, which proves vital for practical 

implementations and evaluations. Moreover, the theoretical models usually cannot cope 

with many of the practical equipment limitations, e.g. noise floors, hardware 

imperfections etc. Therefore, they necessarily yield assumptions that limit their potential 

practical application. 

As already specified in Deliverable D2.2 [1], the QUASAR project broadly classifies the 

spectrum availability and spectrum opportunity detection mechanisms into two 

categories, i.e.: 

 Sensing based and 

 Database based. 

The former ones rely on various spectrum sensing techniques (either local or cooperative 

among several secondary nodes) to reliably detect vacant spectrum for possible 

secondary re-usage. The latter ones strip the requirement of spectrum sensing from the 

secondary nodes and rely on database queries for detection of possible vacant spectrum 

and represent a preferred regulatory approach [2]. However, both approaches are 

complementary and, if properly and adequately applied, can increase the radio 

environmental awareness by employing spectrum sensing for database population with 

up-to-date and accurate radio field information [3]. 

The scope of QUASAR's WP2 is to pinpoint and analyze the relevant spectrum availability 

and spectrum opportunity discovery schemes. Previous WP2 deliverables dealt with the 

definition of the schemes and their subsequent numerical/simulation performance 

evaluations. This deliverable is focused on the performance evaluation of various 

QUASAR-related spectrum discovery techniques in laboratory environment. It gives 

details on the practical implementation of the techniques using market available 

equipment and provides extensive results of the implemented techniques. The results 

clearly show the practical feasibility of spectrum discovery mechanisms and verify the 

QUASAR's objective to thoroughly investigate the potentials of different spectrum 

discovery schemes. 

The deliverable is structured as follows. Section 2 analyzes sensing based schemes for 

spectrum availability and opportunity detection. It specifically targets energy based 

detection, eigenvalue based detection, Higher-Order-Statistics (HOS) based detection, 

cyclostationarity based detection and cooperative sensing using local energy or local 

HOS based detection. Section 3 analyzes a database-assisted collaborative spectrum 

discovery scheme. Section 4 gives details on a measurement campaign that 

discriminates between differently polarized users. This is especially important for 

possible polarization discrimination between primary and secondary spectrum users. 

Finally, section 5 gives the concluding remarks from the laboratory work done within 

WP2.    
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2 Verification of sensing methods 

2.1 Introduction  

Spectrum sensing is one method to find spectrum opportunities. The spectrum sensing 

component senses channels in the spectrum and acquires their characteristics. Its main 

goal is spectrum opportunity discovery in a reliable and timely manner. Important 

parameters for evaluation is the probability of detection, Pd, and probability of false 

alarm, Pfa, is, which is defined as the probability of claiming that a primary user signal 

exists while signal or noise only is received, respectively [4]. 

Surveys on proposed spectrum sensing techniques up till now have been published in 

e.g. [5] and [6]. These papers describe the different methods, but do not typically 

include measurements. Some guidance in more practical applications can be found in 

[7],[8]. Especially, an annex in [8] gives an example of a spectrum sensor 

implementation with field tests however only for one sensing method. 

In this chapter seven different spectrum sensing methods are described and their 

performance is verified with measurements. Each method has a brief description 

followed by a presentation of the test-bed before the results are presented.  

2.2 Energy detection 

In simple terms this method is based on measuring the energy in a given frequency 

range and determining if it is greater than what can be considered mean energy from 

noise. The method is simple, but has some limitations. 

2.2.1 Description of method 

The energy detection method [6] is the simplest and most robust blind spectrum sensing 

method. It does not require knowledge on the signal type and characteristics, but needs 

the noise floor to be known or evaluated prior to the detection process. The signal 

detection is made with the comparison of the received power with the noise floor (i.e. 

the decision threshold) as:  
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Here, N is the number of samples in the block and yi, i=1,…N, correspond to the samples 

contained in the block. In general, the samples can have complex or real values and the 

averaging can be performed in time or frequency domain. The threshold λ used in the 

detection process, can be evaluated analytically or empirically. When the focus of 

investigation is evaluation of energy detection in practice, the empirical estimation of the 

detection threshold is more convenient since it provides the ability of the detection 

process to adapt to the hardware specific characteristics. 

The analyses in this subsection focus on the complex frequency-domain samples 

calculated with FFT transformation of the original time-domain samples. The threshold is 

empirically evaluated from appropriate amount of noise statistics.  

2.2.2 Test-bed 

The test-bed used to assess the performances of the energy detection method comprises 

an Anritsu MS2690A [9] signal analyzer and a remote PC collecting the time-domain I/Q 

data and performing the energy detection operations in Matlab.  Anritsu MS2690A has a 

built-in signal generation options, which were used in the energy detection evaluation. A 

coaxial cable with measured losses of 1.4dB was used to connect the signal generator 

output and the signal analyzer input (Figure 2-1). Two waveforms were used for the 
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practical evaluation: an EDGE DL signal with the MCS-9 coding scheme and four active 

slots and an ISDBT signal with QPSK modulation and 2/3 convolution coding. The ISDBT 

signal is representative of the Japanese digital television terrestrial standard, which is 

similarly OFDM based. Table 2-1 presents the used parameters by the generator and the 

signal analyzer options of Anritsu MS2690A, for both inspected signal waveforms. For 

each measurement case (each inspected signal type and signal level) a total of ten 

million complex time-domain samples were taken to gain statistical correctness. The 

signals were persistently generated during the measurements. The same amount of 

statistics was collected in the absence of a signal, to empirically estimate the Pfa 

detection thresholds.  

The measured values of the noise level correspond to the specifications of the analyzer. 

For the case of 2MHz and 10MHz receiving bandwidth, the measured noise floor was 

-1.3522 dBm and -74.4581 dBm, complying with the Anritsu MS2690A specifications 

[9]: 
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where Pnoise_2MHz and Pnoise_10MHz correspond to the resulting noise levels at 2 and 10MHz, 

respectively, while A and B refer to the used attenuation and bandwidth. Pnorm is the 

normalized noise per Hz provided in the specifications [9]. 

 

 

Figure 2-1: Measurement setup 

Table 2-1: Anritsu MS2690A measurement configuration 

Input Signal EDGE DL_MCS-9_4SLOT ISDBT_QPSK_2/3 

Central frequency [MHz] 2401 2401 

Receiving bandwidth [MHz] 2 10 

Attenuation [dB] 6 6 

Noise level [dBm] 
-81.3522(measured) 

-81.4897(specifications) 

-74.4581(measured) 

-74.5(specifications) 

Cable loss [dB] 1.4 dB 1.4 dB 

Input signal power [dBm] -110:2:-80 -105:2:-75 

Resulting SNR [dB] -30.05:2:0.05 -31.94:2:-1.94 
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The energy detection evaluation was performed in frequency domain, performing FFT 

transformation on the time-domain I/Q samples, with FFT size (N) ranging from 1024 up 

to 65536. The final results (ROC curves, Pd vs. power curves) were calculated after 

averaging over all inspected blocks. The results are presented in the following 

subsection. 

2.2.3 Results 

This subsection presents the energy detection performances assessed with the 

previously explained test-bed and measurement configurations. Figure 2-2 and Figure 

2-3 present the dependence of the probability of detection Pd on the receiving SNR and 

the FFT size for a Pfa = 1% threshold and the two different signal types, i.e. the EDGE 

and the ISDBT signal.  The detection behaviours are similar for both signal types. For a 

fixed probability of detection each FFT size doubling results in a constant 1.4 dB gain. 

Namely, a signal with SNR of -6 dB is reliably detected with a Pd of 1 for an FFT size of 

1024, while the same probability of detection is retained at -16dB SNR with an FFT size 

of 65536. 

 

-30 -25 -20 -15 -10 -5 0

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

SNR [dB]

P
d

 

 

Energy det.,FFT=1024

Energy det.,FFT=2048

Energy det.,FFT=4096

Energy det.,FFT=8192

Energy det.,FFT=16384

Energy det., FFT=32768

Energy det., FFT=65536

 

Figure 2-2: Probability of detection vs. receiving SNR for energy detection of EDGE 

signal, with Pfa=1% threshold and different FFT block sizes. 
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Figure 2-3: Probability of detection vs. receiving SNR for energy detection of ISDBT 

signal, with Pfa=1% threshold and different FFT block sizes. 

 

Comparing the obtained practical results here with the theoretical ones for energy 

detection (Figure 8 in [10]), it is noticeable that there is only a slight difference in the 

detection performances. It stems from the fact that the practical analyses used limited, 

yet significant, amount of noise statistics for the calculation of the respective Pfa 

thresholds, i.e. Ntotal/N FFT frames for each case, where Ntotal  is the number of total 

measured noise samples (ten million for each inspected FFT sample size). The theoretical 

analyses usually employ simplified assumptions on the signal shape and distribution 

usually leading to optimistic (i.e. non-realistic) results. However, the obtained practical 

results (Figure 2-4 and Figure 2-5) fairly verify the presumed assumptions in theory 

[10]. 

In terms of the energy detection ROC curves for an input signal with SNR= -16 dB 

(Error! Reference source not found. and Figure 2-5), the behaviour is almost 

completely the same for both signal types. The value of -16 dB of SNR is taken as a 

representative example since it clearly illustrates the curve trends for all inspected FFT 

sizes. There is an identical detection performance rise with the FFT size increase. This is 

owed to the fact that the energy detection is a blind detection method [4], making the 

detection solely based on the received power not taking into account any signal 

characteristic.  
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Figure 2-4: ROC curves for energy detection of GSM signal, for receiving SNR = -16dB 

and different FFT block sizes. 
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Figure 2-5: ROC curves for energy detection of ISDBT signal, for receiving SNR = -16dB 

and different FFT block sizes.  

Considering the OFCOM recommendations that white space devices should be able to 

detect TV signals with received power down to -120 dBm in 8 MHz channels, the 

practical results for the energy detection in this section prove that in the case of 65536 

FFT sample size one should employ a sensing device with a resultant noise floor of -173 

dBm/Hz to reliably (Pd of 100%) detect the TV signals. The overall noise floor is a sum of 

the thermal noise (approximately -174 dBm/Hz at room temperature), the gains and the 

attenuations as well as the resultant noise figure of the system. Therefore, the 

requirement of an overall -173 dBm/Hz noise floor is unrealistic considering that the 

minimum noise figure of a radio system can be up to several dBs. This leads to the 

conclusion that higher FFT sizes have to be used for a reliable energy detection of TV 

signals with nowadays commercially available equipment. 



QUASAR  Document: D2.5 

(ICT-248303)  Date: 31.03.2012 

QUASAR <RESTRICTED / PUBLIC> DISTRIBUTION Page 13 of 69 

© QUASAR and the authors 

2.3 Maximum Minimum Eigen values Detection Based 

Spectrum Scanner 

One of the drawbacks with the energy detection method is that information about the 

noise level is required. However, the noise can be estimated where the Maximum 

Minimum Eigen values Detection (MMEVD) is one method.  

2.3.1 Description of method 

If we assume a zero mean white Gaussian noise components in a received signal, then 

the variance of that noise is equal to the minimum Eigen value of the covariance matrix 

of the that received signal. Relaying on that fact, the noise power (i.e. the noise 

variance) can be determined from the received signal without any prior knowledge about 

it. Extracting the noise variance from the received signal is the main idea behind 

MMEVD. The MMEVD explained in [11] perform the detection based on the ratio between 

the maximum and the minimum Eigen values of the covariance matrix of the received 

signal and follows the steps below: 

1. The covariance matrix of the received signal is computed as  
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where Rx(N) is a covariance matrix of a received signal X(n) containing N  samples. 

The number of columns of Rx(N) is defined by the ‟smoothing factor‟, L, which is 

the number of the consecutive values in the covariance matrix to be taken. XH(n) is 

the Hermitian of X(n). 

2. The maximum eigenvalue, λmax of Rx(N) and the minimum eigenvalue,  λmin are 

obtained. 

3. The ratio (λmax /λmin) is compared with a threshold γ computed as 
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where M is the number of the receivers and F1 is the Cumulative Distribution 

Function (CDF) of a Tracy- Widom distribution of order 1 as the maximum 

eigenvalue of the covariance matrix of the signal is found to have a Tracy-Widom 

distribution of order 1 [12] . pfa is the probability of false alarm, Accordingly, if 

the value of (λmax/λmin) exceeds γ, the detector would make its decision as signal 

existence, otherwise it considers noisy only is existing.  

 

The MMEVD performance can be judged by the probability of detection, pd, which is the 

probability of correct detection of a PU signal [13]. MMEVD can be seen as a measure of 

the extent of the flatness of the spectrum inside the band under sensing. This extent of 

spectrum flatness is determined by the threshold. This concept of spectrum flatness is 

illustrated in Figure 2-6. 
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Figure 2-6: Relationship between the spectral components of a signal and the 

maximum and minimum eigenvalues, σ2
n is the variance of the noise. The ratio between 

the maximum and minimum eigenvalues measure the extent of the spectrum flatness. 

 

2.3.1.1 Filtering impact on maximum minimum eigen value detector  

The immediate thinking when it comes to spectrum scanning is to do filtering for each 

sub-band and do the detection for the filtered signal. Never the less, with filtering the 

noise only signals they will be coloured noise and they will lose their following property 

(λmax/λmin)<γ  and accordingly noise only signal will always be detected as PU signals. 

The rest of this subsection explains more this problem. 

Let us assume that we have a noise only signal n(t) and we input it into a filter having a 

transfer function h(t), then the output of that filter y(t) = h(t)*n(t). In the frequency 

domain Y(f) = H(f) · N(f), where y(t) is the time domain output signal, Y(f) is the 

frequency domain output signal, H(f) is the filter frequency domain transfer function and 

N(f) is the noise in the frequency domain. With normal filtering we allow the signal in our 

pass band to pass and we suppress the out of band components, however, suppressing 

the out of band components means that they will still be present and accordingly the 

MMEVD will assume them as the noise floor (i.e λmin) and the rest is the PU signal 

components as depicted in Figure 2-7.  

 
Figure 2-7: Illustration of the impact of filtering white Gaussian noise on the spectrum 

shape of the received signal. The noise (blue) is injected to a filter (red) and the 

resultant output is a colored noise (black). 

 

To overcome this limitation we need a filter which passes the in-band components and 

totally block the out of band ones. Hence, we need a filter with a transfer function as 
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where f1 and f2 are the lower and upper frequency of the band under sensing. According 

to the best of our knowledge, if we do the filtering in time domain, then it is not possible 

to have a filter with a transfer function as in (2-5) unless we have an infinite length filter 

which is impossible. 
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2.3.1.2 Rectangular filtering solution 

In order to get a filter response as in (2-5) we can do frequency domain rectangular 

filtering where we pick up the spectral lines inside our sub-band and throw away the rest 

and then generate a time domain signal from those spectral lines and apply MMEVD for 

this time domain signal. Figure 2-8 illustrates the concept of rectangular filtering for sub-

band spectrum sensing with MMEVD. 

Generate corresponding time domain signals and do MMEVD for each
 

Figure 2-8: Illustration of sub band spectrum scanning with Rectangular filtering. The 

Spectrum of the whole band (black) is divided into three parts (blue, pink and red) each 

one represents one sub-band 

 

2.3.2 Test-bed 

Figure 2-9 shows the measurement setup where a signal is generated in a PC and sent 

to the signal generator which directs it to the spectrum analyzer wirelessly. The data 

from the spectrum analyzer is captured and recorded for further analysis. A full 

bandwidth of 5 MHz is considered and four channels of 1.25 MHz each represent the sub-

bands to be sensed. Inside each sub-band a WCDMA-like signal of a width of 1 MHz 

could be found and the rest 0.25 MHz is reserved as guard band in both sides. Two 

experiments have been performed: When all the channels are occupied and when two of 

them are free. In each of the two experiments the SNR of the generated signal has been 

changed from −10 dB up to 0 dB with a step of 1 dB. A probability of false alarm of 0.1 

is considered. Moreover, the same value for the probability of false alarm for energy 

detector is assumed for comparison purposes shown later.The considered number of 

collected samples, N, is 10000 samples and the smoothing factor, L is taken to be 8 to 

satisfy the requirements in [11]. 

 

 

Secondary user (SA)

Primary Transmitter (SG) 

Wireless channel

Scripts to control the SG, capture the data
from the SA and perform the scanning

 

Figure 2-9: Measurement setup, SG: signal generator, SA: spectrum analyser. 
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2.3.3 Results 

This section shows the measurements results for the mentioned two cases of the number 

of occupied channels. The section covers the number of found free channels in both 

cases. Moreover, the probability of detection compared to the one for energy detector 

will be shown. 

Figure 2-10 shows the percentage of the number of the channels those found to be 

unoccupied by a PU when actually all the channels are occupied. As in Figure 2-10 the 

number of correctly found free channels -which is zero- increases with the increase of 

SNR as the higher the SNR the easier to detect the PU signal.  

Similar to Figure 2-10, Figure 2-11 shows the percentage of the found free channels 

when two channels are occupied by PU signals and two are free. The value of the SNR 

influences the detection precision in the same way as explained when no channel is free. 

Moreover, in the case of two occupied channels the false alarms can be seen when less 

than two channels are found to be free.  

In Figure 2-12 a comparison between the proposed spectrum scanner and the energy 

detector is shown. The performance metric considered for this comparison is the 

probability of detection. As the figure shows, the proposed spectrum scanner based on 

MMEVD and rectangular filtering performs better than the energy detector for all 

investigated SNRs especially for the lower ones. 
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Figure 2-10: Number of found free channels by the scanner when all channels are 

occupied. 



QUASAR  Document: D2.5 

(ICT-248303)  Date: 31.03.2012 

QUASAR <RESTRICTED / PUBLIC> DISTRIBUTION Page 17 of 69 

© QUASAR and the authors 

0 1 2 3 4
0

10

20

30

40

50

60

70

80

90

100

Number of found free channels

%

 

 

SNR = 0

SNR = -2

SNR = -4

SNR = -6

SNR = -8

SNR = -10

 

Figure 2-11: Number of found free channels by the scanner when two channels are 

occupied. 
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Figure 2-12: Probability of detection for MMEVD and ED for different values of SNR. 
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2.4 Spectrum discrimination 

The computational requirements for the eigenvalue detection method is fairly high. Thus, 

there is a need to study less complex methods, where the spectrum discrimination is 

one. 

2.4.1 Description of method 

A technique relying on discriminant analysis to detect the harmonic components in a 

measured power spectra is proposed in [12]. This technique is extended here so that it 

can be used for spectrum sensing in cognitive radio applications. 

Spectrum discriminator does the spectrum sensing in frequency domain assuming 

frequency domain received signal to be Az(k) where Az is the frequency component 

amplitude and k is the index of that component. As long as the frequency domain 

received signal Az(k), contains two groups of spectral lines, then the Fisher‟s quadratic 

discriminant concept can be applied to separate those two groups of 

spectral lines [12]. Fisher‟s quadratic discriminant solution can be used if we have a set, 

z of collected observations that can be split into two subsets [13]. Let the subsets be x 

and y, then the technique is built upon the fact that inside each subset x and y the 

variance of the observations is to be kept as small as possible and the means of the 

subsets are to be parted as far as possible. Let us define the group x to be the group 

that contains I noise spectral lines and the group y to be the group of noise plus signal 

spectral lines having J lines. Accordingly, if the spectral lines are indexed as k with k 

[1…(I+J)] the groups means can then be calculated using 
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In order to separate the data into two groups, the hypothesis 

I
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rejected. To test this hypothesis one can use the test statistic T2  [12] given by 
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where  

2^

I  and 

2^

J  are the variances for subsets x and y respectively.  

Finding the groups sizes I and J by maximizing the test statistic in (2-8) implies 

maximizing its numerator, or the distance between the means of the two groups, and 

minimizing the variance inside each group, which is represented by the denominator of 

the test statistic. Therefore, a binary search can be used to find I and J or the boundary 

between the two groups which is called the discrimination height [12]. Figure 2-13 

shows an example of the position of the discrimination height when a received signal 

contains a PU signal of 10 dB SNR and occupies a portion of the sensed bandwidth.  
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Figure 2-13: Discrimination height for a received signal (SNR 10dB). 

 

After specifying the discrimination height, the average energy inside the band of interest 

can be calculated. If this calculated average exceeds the average energy of the spectral 

lines in the noise group (i.e. the lower group or group x) one assumes that a PU signal is 

present. A problem arises when only noise is applied to the test statistic. Since the noise 

is not absolutely flat, a discrimination height will still be selected and two groups 

discriminated as depicted in Figure 2-14. 
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Figure 2-14: Discrimination height for a received noise only signal. 

 

The proposed solution to overcome this limitation is to set a noise uncertainty value, δ, 

which reflects the range over which the noise energy can vary. Hence, it is assumed that 
the noise energy Enoise is 

2

^ 


I

znoise AE  ,     (2-9) 

Since we are interested in the upper bound of the noise energy upon our pre-set value of 
δ, then the detection threshold, η is defined as 
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If the band to be sensed consists of spectral lines having indexes between α and β, then 

the detector decision will be 














0

1

,

,)(
1

)(

HOtherwise

HkA
tr k

z 




     (2-11) 

 

where r(t) is the received signal in time domain 

H1  is the hypothesis that a signal exists. 

H0  is the hypothesis that noise only is present. 

 

2.4.2 Test-bed 

The measurement setup illustrated in Figure 2-9 is used to experimentally assess the 

performance of spectrum discriminator. The following two performance metrics have 

been considered: 

 The probability of false alarm, pfa, which is defined as the probability of claiming that 

a signal exists while noise only is received [4]. Probabilistically it can be written as 

P(H1|H0). 

 The probability of detection, Pd, which is the probability of correct detection of a PU 

signal [3]. Pd can be written as P(H1|H1). 

For the probability of detection analysis, a signal having SNR between -10 and 10 dB has 
been applied to the spectrum discriminator and the value of Pd has been obtained by 

running the measurement 100 times for each SNR for different values of δ. For the 

probability of false alarm, the same methodology used for the probability of detection is 

applied, except that only noise is sent to the detector. 

2.4.3 Results 

Figure 2-15 shows the probability of false alarm for the spectrum discriminator versus 
different values of noise uncertainty δ. The results show that the probability of false 

alarm, pfa, decreases with the increase of the noise uncertainty, δ. This is explained by 

the fact that the narrower the margin assumed for the noise to vary over, the higher the 

probability that a fluctuation in the noise only signal will be interpreted as a signal. 
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Figure 2-15: Probability of false alarm for the spectrum discriminator. 

 

In contrast to the results for the probability of false alarm pfa, increasing the noise 
uncertainty δ decreases the detector performance in terms of the probability of 

detection, Pd as in Figure 2-16. This is due to the fact that more signals will be detected 

as noise only signals when the noise margin becomes wider. 
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Figure 2-16: Probability of detection for the spectrum discriminator. 

2.5 Higher Order Statistics -based detection 

The spectrum discrimination method is based on statistical properties. Another method 

that is based on statistics is the Higher-Order-Statistics (HOS) [14]. 

2.5.1 Description of method 

The utilization of HOS of the received samples can help to achieve significantly better 

and more reliable detection performances. The skewness and kurtosis [14], the third and 

the forth order statistics, are the most often considered HOS. They express some specific 
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characteristics of the distribution of a random variable, the first relating to the symmetry 

and the latter to the peakness of the distribution. When the received signal samples are 

considered, the skewness and kurtosis tend to have different values for any type of input 

signal. They are specific for the system noise, as well as for the different distributions of 

input signals.  

The HOS goodness-of-fit based detectors [15][16][17] use the knowledge on the 

skewness and kurtosis of the underlying noise to assess the signal existence. The target 

of the investigation can be the amplitude, the power or the I/Q values of the received 

samples, with the detection made based on the following logic [17][18]: 
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where Thos is the HOS goodness-of-fit test statistic formed using the sample skewness γ3 

and kurtosis γ4 as:  
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In the last equation, N corresponds to the sample (block) size, w is the vector containing 

the sample skewness and kurtosis, while ωn and 
1
n  correspond to the mean vector and 

inverse covariance matrix of the skewness and kurtosis values evaluated under the 

signal absence, i.e. from the system noise. The threshold λ can be analytically or 

empirically evaluated from the system noise. Same as in the energy detection case, the 

analyses can be made in time or frequency domain. 

The Goodness-of-fit HOS (GHOST) detector [17][18] has located the power of the FFT 

bins to be the best metric as a target to the HOS and GoF analyses, since it provides the 

best detection performances. Furthermore, the terms ωn and 
1
n  should be evaluated 

empirically, in order to efficiently adapt to the hardware specific characteristics, since all 

hardware non-idealities (of the composing filters, amplifiers, convertors etc.) contribute 

to the final power distribution. The subsequent analyses in this subsection focus on the 

linear FFT power spectra GHOST signal detection with empirical estimation of the 

detector parameters and detection threshold. 

2.5.2 Test-bed 

The test-bed used to assess the performances of the GHOST detection method is the 

same as the energy detector evaluation case (Subsection 2.2.2). Table 2-1 contains all 

the information about the measurement cases and configurations. The GHOST detector 

operations are performed in Matlab. Namely, the baseband time-domain complex 

samples gathered with the Anritsu MS2690A signal analyzer are a subject of the FFT 

power analysis, before the subsequent HOS (skewness and kurtosis) and GoF evaluation.  

The same FFT sizes (N) are again used in the range between 1024 up to 32768. The 

detection thresholds and the GHOST detector input parameters (contained in ωn and 
1
n ) are evaluated from the noise statistic. The overall results (ROC curves, Pd vs. 

power curves) presented in the next part present the detection performances in average 

over all inspected blocks. 

2.5.3 Results 

This subsection presents the GHOST detection performance results gathered with the 

test-bed and measurement configurations explained in subsection 2.2.2. Figure 2-17 and 

Figure 2-18 depict the performances in terms of the probability of detection Pd 

dependence on the input signal SNR for the both types of signals, a Pfa=1% threshold 

and the different FFT sizes. The Pd vs. SNR behavior is similar for the both types of 

signals. For a fixed probability of detection there is a constant gain of around 3dB 
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whenever the FFT size is doubled. This yields that a FFT size of 1024 results in 100% of 

Pd for an input SNR of -14dB, and the same Pd is attained with a FFT size of 16384 for an 

input signal with SNR=-28dB.  
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Figure 2-17: Probability of detection vs. receiving SNR for GHOST detection of EDGE 

signal, with Pfa = 1% threshold and different FFT block sizes. 

-32 -27 -22 -17 -12 -7 -2

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

SNR [dB]

P
d

 

 

GHOST det., FFT=1024

GHOST det., FFT=2048

GHOST det., FFT=4096

GHOST det., FFT=8192

GHOST det., FFT=16384

GHOST det., FFT=32768

GHOST det., FFT=65536

 

Figure 2-18: Probability of detection vs. receiving SNR for GHOST detection of ISDBT 

signal, with Pfa = 1% threshold and different FFT block sizes. 

 
Figure 2-19 and Figure 2-20 present the ROC curves for an SNR of -30dB and the 

different FFT sizes, for the EDGE and the ISDBT signal, respectively. It is evident that 

the trend of Pd increase for a fixed Pfa with respect to the FFT size is exponential. 

Oppositely on the energy detection case (subsection 2.2.3), when the GHOST detection 

is used there is a slight difference between the ROC performances for the different 

signals cases. Namely, the OFDM based wideband ISDBT signal yields slightly lower 

GHOST detection performance compared to the single carrier narrowband EDGE signal. 

This is due to the fact that GHOST uses the signals specialties [17][18] (the distribution 

of the received power per frequency) rather than just the average received power that 

the energy detection exclusively uses.  
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Figure 2-19: ROC curves for GHOST detection of GSM signal, for receiving SNR = -30dB 

and different FFT block sizes. 
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Figure 2-20: ROC curves for GHOST detection of ISDBT signal, for receiving SNR = -

30dB and different FFT block sizes. 

Referring to the recommendations that white space devices should be able to detect 

digital TV signals with received power down to -120 dBm in 8 MHz channels, the 

obtained results for the GHOST detection verify that when using FFT size of 65536 a 

sensing device with an overall noise floor (thermal noise plus gain, attenuation and noise 

figure) of -157 dBm/Hz will reliably (Pd of 100%) detect the digital TV signals. This is a 

significant improvement compared to the energy detection case, since the requirement 

of an overall -157 dBm/Hz noise floor is already a reality in present radio devices. 

2.6 Cooperative spectrum sensing based on energy detection  

2.6.1 Description of method 

The energy detection method (Subsection 2.2) can be used in cooperative scenarios to 

get a more reliable detection of the primary signal existence. Furthermore, the 

cooperation among spatially distributed spectrum sensors can reduce the number of 

false alarms in the detection process. There are several data fusion methods that can be 
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used in combination with the energy detection method in cooperative scenarios. The 

analysis in this subsection focuses on the k-out-of-M based technique [19][20][21]as a 

representative of the hard decision fusion techniques and the Equal Gain Combining 

(EGC) [21][22] as a representative of the soft combining data fusion techniques.  

In the case of the k-out-of-M hard decision fusion, the energy based signal existence 

decision is made based on the following rule: 
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where D is the number of independent signal detections (a maximum of M, i.e. the 

number of sensors), and k is the minimum required number of detections to proclaim 

that a signal is present or absent in the media.  The single detections are made based on 

(2-1) in Subsection 2.2.1. The special case of k = M/2, represents the Majority Voting 

(MV) fusion rule, while the k =M and k =1 represent the AND and OR rules, respectively.  

In the case of the soft Equal Gain Combining (EGC) [21][22] combining, the decision on 

signal existence is made based on the following rule: 
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where Pall is the summary received power and λall is the summary threshold, calculated 

as: 
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Here, Pk
av is the average received power (Eq. (2-2), Subsection 2.2.1.) at sensor node k 

and λk is the decision threshold used by the same node.  

2.6.2 Test-bed 

The test-bed used for the practical evaluation of energy based data fusion for primary 

signal detection focused on indoor environment scenario. The test-bed comprised five 

USRP2 devices [26] and a signal generator Anritsu MS2690A [9], with a mobile transmit 

antenna. There was also a moving obstacle in the scenario creating a more dynamic 

environment. The velocity of the transmit source and the obstacle was variable and 

asynchronous in time, with the source changing the movement direction for 180 degrees 

in the middle of each measurement period. The used parameters by the devices are 

listed in Table 2-2, and the scenario setup and source (and obstacle) movement is 

illustrated on Figure 2-21. 

Table 2-2: Cooperative scenario – measurement setup. 

Generated signal EDGE DL_MCS-9_4SLOT 

Central frequency [MHz] 2560 

USRP2 receiving bandwidth [MHz] 2 

USRP2 receiving gain [dB] 40 

Generated signal power [dBm] -20:10:-60 

Average received SNR by USRP2 devices 

[dB] (over time) 

[15; 5; -4.5; -11.8; -14.5] 

Measurement period [min] ≈1 

Average source/obstacle velocity [km/h] ≈5 
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Figure 2-21: Cooperative scenario test-bed setup. 

A total of one hundred million samples were collected for all five transmit power cases, 

as well as from the USRP2 system noise measurements to correctly evaluate and setup 

the detection thresholds. This amount of samples corresponds to approximately a minute 

of measurements respective to the settings used by the USRP2 devices. The USRR2 

devices performed synchronous measurements (in order of few milliseconds) on the 

radiated power in the frequency range of the transmitter. Figure 2-22 plots the received 

signal power through time by the different USRP2 devices in the room, for the cases 

when the transmit power is -20 dBm and -40dBm. The dynamism of the environment 

and the movement of the transmit source is clearly noticeable on the figures. Although 

the average received SNR ranges from -15 to 15 dB (Table 2-2), the variances of the 

instantaneous SNR are very large due to the movement of the source and the obstacle.  
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   (a)            (b) 

Figure 2-22: Received signal power through time by the different USRP2 devices. 

The data fusion focused on the cooperative energy detection on the linear FFT power 

bins, as the follow-up of the empirical estimation of the decision thresholds from the 

noise statistics. The detection results in terms of ROC curves and Pd vs. transmit power 

curves are presented below. 

2.6.3 Results 

This subsection presents the cooperative energy detection performances with respect to 

the different fusion schemes explained in Subsection 2.6.1, gathered with the previously 

presented test-bed and configurations.  
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Figure 2-23 to Figure 2-26 present the dependence of the probability of detection Pd with 

the transmit power of the signal source, for the different fusion schemes, i.e. the three 

hard decision OR, AND and MV rules and the soft decision EGC fusion. Of all schemes the 

EGC yields in the best detection performances for each of the transmit power cases and 

each inspected FFT sizes (2048, 8129, 32768), which is compliant with the theoretical 

results [22][23]. In terms of the hard decision rules, since the results are gathered 

mostly in the low SNR regimes (Subsection 2.7.2), the best performances are generally 

experienced with the OR decision rule and the worse for the AND decision rules. The 

detection performance increases with the FFT size increase for each scheme and 

transmit power levels. Considering the schemes operation in the very low SNR regimes, 

the OR decision rule, which is the most sensitive of all hard decision rules according to 

theory [19][20][22][23], experiences lower detection performances than the MV rule. 

This is a result of the characteristics of the equipment in use. Namely, the USRP2 

devices as well as other low- and medium-precision commercial sensing devices are 

more sensitive to outliers in the noise. Therefore, the thresholds corresponding to the 

lower Pfa_dev of the devices are very rigorous because of the outliers and the sensing 

imprecision. Generally, the OR decision rule forces the cooperating devices to use the 

lower Pfa_dev thresholds compared to the MV decision rule, for the same corresponding 

summary Pfa. Table 2-3 should serve as a verification of this statement. 

The results are again verified by the ROC curves presented on Figure 2-27 and Figure 

2-28. The MV rule is better than the OR rule for the summary Pfa thresholds up to about 

80%, for the case of -60dBm transmit power and FFT size of 2048. This effect is reduced 

in the case of FFT size of 8192, i.e. the overlapping of the ROC curves for the MV and OR 

rules starts at summary Pfa of 30%. This is owed to the fact that the increase of the 

sample size reduces the number of outliers in the noise. 
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Figure 2-23: Probabilities of detection vs. transmit power for cooperative energy 

detection with OR, MV, AND, EGC fusion, with Pfa = 1% threshold and FFT size of 2048. 
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Figure 2-24: Probabilities of detection vs. transmit power for cooperative energy 

detection with OR, MV, AND, EGC fusion, Pfa = 1% threshold and FFT size of 8192. 
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Figure 2-25: Probabilities of detection vs. transmit power for cooperative energy 

detection with OR, MV, AND, EGC fusion, Pfa = 1% threshold and FFT size of 32768. 

Table 2-3: Summary (Pfa) and corresponding single device (Pfa_dev) probability of false 

alarms. 

Summary 

probability of false 

alarm (Pfa) [%] 

Single device probability of false alarm (Pfa_dev) [%] 

OR (1 out of 5) MV (3 out of 5) AND (5 out of 5) 

1 0.2008 10.5640 39.8107 

5 0.4032 13.5267 45.7305 

10 1.0206 18.9255 54.9280 

20 2.0852 24.6636 63.0957 

30 4.3648 32.6598 72.4780 

50 6.8850 38.9818 78.6003 
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Figure 2-26: Comparison of OR, MV and EGC energy detection fusion in terms of 

probabilities of detection vs. transmit power for Pfa = 1% threshold and two FFT sizes, 

2048 and 8192. 
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Figure 2-27: Comparison of OR, MV, AND and EGC energy detection fusion in terms of 

ROC curves for transmit power of -60dBm and FFT size = 2048. 
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Figure 2-28: Comparison of OR, MV, AND and EGC energy detection fusion in terms of 

ROC curves for transmit power of -60dBm and FFT size = 8192. 

2.7 Cooperative spectrum sensing based on GHOST detection 

2.7.1 Description of method 

The GHOST detection [17][18] (Subsection 2.5.1) can be also employed in cooperative 

scenarios to improve the detection capabilities of the independent sensing devices. 

Different fusion techniques could be used to combine the singe GHOST measurements 

into a cooperative decision on the signal existence. Similarly as the cooperative energy 

detection (Subsection 2.6.1) case, this subsection focuses on the k-out-of-M based 

fusion [19][20][21] and the Equal Gain Combining (EGC) [21][22] fusion of the GHOST 

results. 

In the case of the k-out-of-M hard decision fusion, similarly as the energy detection 

case, the GHOST based signal existence decision is made based on the following rule: 
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where Dhos is the number of independent GHOST based signal detections (a maximum of 

M, i.e. the number of sensors), and k is the minimum required number of detections to 

proclaim that a signal is present or absent in the media.  The independent GHOST 

detections are made based on Eq. (2-12) in Subsection 2.5.1. The cases of k = 1, 

k = M/2, k = M correspond to the OR, the AND and the Majority Voting (MV) hard 

decision fusion rules, respectively.  

The decision on signal existence in the case of the soft Equal Gain Combining (EGC) 

[21][22]of the independent GHOST detections is made based on the following rule: 
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where Thos_all is the summary GHOST statistic and λall is the summary GHOST threshold, 

calculated with the following equations: 
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In these equations, Tk
hos is the independent GHOST measured statistic (2-13) at sensor k 

and λk is the GHOST decision threshold used by the same node. 
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2.7.2 Test-bed 

The test-bed used for the practical evaluation of cooperative GHOST detection is same as 

the one explained in subsection 2.5.2, used for the cooperative energy detection case. 

The data collected from the indoor scenario with the moving source and obstacle (Table 

2-2 and Figure 2-21) was processed in Matlab, with respect to the GHOST specific 

processing. The GHOST detection [17][18] requires a larger amount of signal statistic to 

reliably detect the signal existence. Furthermore, this detector is very sensitive to noise 

variations, which can be large in the case of the USRP2 devices. In order to cope with 

these requirements, the received samples from the USRP2 devices, originally gathered 

with a rate of 2Msamples/s were down-sampled to 250Ksamples/s (decimation of 8) to 

get more TDMA frames from the EDGE signal in a single FFT block. Furthermore, the 

received FFT power bins were normalized with the corresponding maximum received FFT 

noise power bins to limit the noise variance to 1. This does not significantly affect the 

GHOST detection chain [18]. 

The data fusion focused on the cooperative GHOST detection on the linear FFT 

normalized power bins, as the follow-up of the empirical estimation of the GHOST 

decision thresholds from the normalized noise statistics. The detection results in terms of 

ROC curves and Pd vs. transmit power curves, collected over the total of hundred million 

samples, are presented in the next subsection. 

2.7.3 Results 

This subsection presents the cooperative GHOST detection performances with respect to 

the different fusion schemes explained in Subsection 2.6.1, gathered with the test-bed 

presented in subsection 2.5.2.  

Figure 2-29 to Figure 2-32 present the performances of the cooperative GHOST 

detection in terms of the probability of detection dependence on the transmit power, for 

the different fusion schemes, the different FFT sizes and thresholds corresponding to 

Pfa = 1%. The results prove that the EGC combining rule is the best of all fusion rules in 

the case of the GHOST detection. However, there is only a slight difference between this 

scheme and the OR hard decision fusion scheme. The AND decision scheme offers the 

lowest detection performances, as expected. Compared to the energy detection case, the 

cooperative GHOST detection is a significantly more sensitive choice, since it provides 

reliable signal detection (99% for the EGC rule) even with an FFT size of 8192. The same 

results are obtained with the energy detection with sample size of 32768. Another 

observation is that the cooperative GHOST detection is less sensitive to noise outliers, 

making the OR decision rule the best of all hard decision rules for all inspected SNR 

cases. Therefore, out of all tested fusion techniques (OR, AND, MV and EGC) the OR 

fusion rule would be a reasonable choice for the GHOST detection, since it provides the 

appropriate trade-off between reliability and complexity.   
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Figure 2-29: Probabilities of detection vs. transmit power for cooperative GHOST 

detection with OR, MV, AND, EGC fusion, with Pfa = 1% threshold and FFT size of 2048. 

 

-60 -50 -40 -30 -20

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Transmit power [dBm]

P
d

 

 

OR fusion rule (k=1), N=4096

Majority Voting (k=3), N=4096

AND fusion rule (k=5), N=4096

Equal Gain Combining, N=4096

 

Figure 2-30: Probabilities of detection vs. transmit power for cooperative GHOST 

detection with OR, MV, AND, EGC fusion, Pfa = 1% threshold and FFT size of 4096. 
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Figure 2-31: Probabilities of detection vs. transmit power for cooperative GHOST 

detection with OR, MV, AND, EGC fusion, Pfa = 1% threshold and FFT size of 8192. 
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Figure 2-32: Comparison of OR, MV and EGC GHOST detection fusion in terms of 

probabilities of detection vs. transmit power for Pfa = 1% threshold and three FFT sizes, 

2048, 4096 and 8192. 

 
Figure 2-33 and Figure 2-34 present the performances of the fusion techniques in terms 

of ROC curves for the transmit power case of -60dBm and FFT sizes of 2048 and 4096, 

respectively. The ROC results prove the same conclusions as before, i.e. that the EGC 

and OR rules are the most reliable ones and they provide similar detection behaviour. 
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Figure 2-33: Comparison of OR, MV, AND and EGC GHOSST detection fusion in terms of 

ROC curves for transmit power of -60dBm and FFT size = 2048. 
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Figure 2-34: Comparison of OR, MV, AND and EGC GHOST detection fusion in terms of 

ROC curves for transmit power of -60dBm and FFT size = 4096. 

2.8 Cyclostationarity based analysis platform 

Test-bed setups are critical to proper verification of the spectrum sensing methods. The 

processing complexity and required precision of measured data makes practical 

implementations of cyclostationarity based detection more difficult compared to energy 

detection based test-beds. This section presents a platform capable of performing 

cyclostationarity based detection. 

2.8.1 Description of method 

The energy based methods use the energy of the signal for spectrum sensing purposes, 

whereas the feature detection techniques use other signal features as the basis for the 

decision making process. The most popular feature detection based method is the 

cyclostationarity based detection. The cyclostationarity based detection uses the 

periodicity in the autocorrelation of the received signal in the decision making process, 

as opposed to the stationary nature of noise. The most common detectors based on 
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cyclostationarity utilize the Cyclic Spectrum Density (CSD) of the signal [24]. This 

section presents a test-bed that performs cyclostationarity based detection based on 5 

different detectors: the traditional single cycle and multi cycle detectors, and the 

practically suitable modified and enhanced detectors i.e. region cycle, multi cycle max, 

region cycle max [25].  The single cycle detector operates only using the CSD from a 

single cyclic frequency  in the  domain, whereas the multi cycle uses the entire 

CSD plane for all cyclic frequencies. The region cycle detector focuses only on the region 

of cyclic frequencies where the sensed signal is expected to have peaks in the CSD and 

the max detectors use the maximums of the CSD per cyclic frequency in their respective 

regions (entire CSD plane for the multi cycle max and only the targeted region for the 

region cycle max).  

Figure 2-35 gives a graphical representation of the difference between the single, multi 

and region cycle detectors on a CSD vs  plane. 

CSD

 

Figure 2-35: Multi, Single and Region cycle detectors on a CSD vs  plane 

2.8.2 Test-bed 

Figure 2-36 shows the architecture of the Hybrid cyclostationary analysis platform 

(HCAP).  

USRP2

Signal analyzer

Post-processing IQ data acquisition

 

Figure 2-36: Hybrid cyclostationary analysis platform. 

The HCAP is a modular platform capable of performing cyclostationarity based detection 

based on the CSD of the sensed signal. The platform consists of two main separate 

parts: 

 IQ data acquisition i.e. the measurements part of the process 

 Post-processing i.e. implementation of the algorithms needed for cyclostationarity 

based detection 
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The modularity of the platform easily facilitates the integration of different measurement 

devices and post-processing algorithms. This provides the ability to easily verify various 

sensing methods and implementation aspects based on cyclostationarity.   

The goal of the IQ data acquisition phase is twofold: gather sufficient measurement data 

at the chosen spectrum band and prepare it for processing. 

HCAP uses two types of commercially available equipment for spectrum sensing: an 

ANRITSU MS2690 signal analyzer [9] and a USRP2 device from Ettus Research (now 

National Instruments) [26]. The signal analyzer represents a high end device with -150 

dBm/Hz device sensitivity without preamplifier gain. It is ideally calibrated, and has high 

processing capability, precision and resolution. The USRP2 device is a medium end 

device with up to -165 dBm/Hz device sensitivity with the highest preamplifier gain 

settings of 70 dB. The weaknesses of the USRP2 compared to the signal analyzer are 

reflected in the lower processing power and the non-linearities in the noise floor. Low 

end devices usually use received signal strength indicator (RSSI) for spectrum sensing 

and do not have the capability to provide IQ data from the measurements. 

Consequently, the low end devices are only suitable for energy based detection. The 

modularity of the platform allows different types of high and medium end devices to be 

easily integrated. All devices provide baseband data after the measurements. 

The IQ data acquisition building block consists of the pre-measurement settings and the 

actual measurements that result in a stream of complex 32bit IQ data. For the signal 

analyzer case the pre-measurement settings, set either remotely or locally, include 

setting the targeted center frequency, the frequency span and the observation time (also 

called capture length). The frequency span and the maximum number of detection points 

per single measurement limit the capture length. Multiple single measurements may 

provide more measurement data, if needed. For the USRP2 case, the pre-measurement 

settings additionally include decimation rate and daughterboard gain. 

The post-processing phase, implemented in MATLAB, processes the stream of measured 

complex baseband IQ data and is the central part of the cyclostationarity based 

detection. It starts by fragmenting the input stream of complex IQ data into blocks of 

constant length i.e. constant number of complex samples. The CSD estimation block 

receives the stream of blocks of IQ data and processes each block separately. The HCAP 

platform uses the FFT accumulation algorithm (FAM) [27] for CSD estimation. Optionally, 

the platform can use the traditional time averaging method for CSD estimation. The FAM 

algorithm is a computationally efficient algorithm suitable for practical implementations.  

The estimated CSD is the basis for calculation of the test statistic. The platform uses 5 

different types of detectors for calculation of the test statistic. It facilitates detection 

based on traditional detectors i.e. single cycle and multi cycle detectors, as well as 

modified and enhanced detectors i.e. region cycle, multi cycle max and region cycle 

max. The single cycle detector uses only a single point of the estimated CSD, whereas 

the multi cycle detector uses the whole CSD as part of the likelihood ratio test. The 

modified detectors use additional processing before calculating the test statistic. The 

region cycle detector estimates where the peaks at cyclic frequencies  are likely to 

appear based on the peaks at different frequencies, , for . It exploits this 

information to significantly lower the size of the CSD used for calculation of the test 

statistic. The multi max and region max detectors use only the maximum values per 

cyclic frequency, when calculating the test statistic. The decision making process, 

compares the test statistic to a predetermined threshold that depends on the targeted 

false alarm and level of noise uncertainty (noise variance a priori known or not). Figure 

2-37 shows the building blocks of HCAP in more detail. 
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Figure 2-37: HCAP 

2.8.3 Results 

This subsection presents test-bed results for cyclostationarity based detection. The test-

bed uses a BPSK modulated signal, generated from the ANRITSU MS2690 signal 

generator. BPSK modulated signals express cyclostationarity due to their symbol rate. 

The signal was generated at center frequency of 2.472 GHz and was measured by the 

ANRITSU MS2690 signal analyzer and the USRP2 device with a RFX2400 daughterboard. 

Table 2-4 sums up the measurement and processing settings used in the test-bed. 

Table 2-4: Measurement and processing settings 

 Signal analyzer USRP2 

Center frequency 2.472 GHz 2.472 GHz 

Frequency span 1 MHz 1 MHz 

Transmit power variable variable 

Cyclic frequency resolution 32 32 

Frequency resolution 1024 1024 

Block length 32 32 

Averaging no no 

Total observation time 500ms 500ms 

Preamplifier gain 0 60 dBm 

Generated signal BPSK BPSK 

Region length 10 10 

Overlapping factor 0 0 

Measured noise floor -72 dBm -48 dBm 
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Figure 2-38 depicts an example of the CSD estimated from the received data with the 

signal analyzer when the BPSK signal was generated at -50dBm signal power, whereas 

Figure 2-39 shows the CSD from the USRP2 measurements of the same signal at -

45dBm transmit signal power. The visible peaks appearing at cyclic frequencies different 

from zero are a result of cyclostationarity in the received signal. 

 

Figure 2-38: SA example CSD 

 

Figure 2-39: USRP2 example CSD. 

 

In order to test the detection limits of the platform, the signal has been generated with 

various transmit powers. Figure 2-40 and Figure 2-41 show the receiver operating 

characteristic (ROC) curves of the measured data for the signal analyzer and the USRP2 

respectively. Both cases show the detection limits using the traditional multi cycle 

detector. The performance can be significantly increased by increasing the observation 

time per iteration and ultimately increasing the total observation time.  

 

Figure 2-40: ROC curves for different transmit powers using the multi cycle detector and 

a signal analyzer. 
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Figure 2-41: ROC curves for different transmit powers using the multi cycle detector and 

a USRP2. 

 

The performance of the modified cyclostationary detectors integrated in the platform is 

shown in Figure 2-42 and Figure 2-43, for the signal analyzer and the USRP2, 

respectively. The signal analyzer measurements are carried out using –85 dBm transmit 

power, while the USRP2 measurements are carried out at transmit power -55 dBm. 

Clearly, the region cycle and region cycle max detectors outperform the traditional 

detectors for both the signal analyzer and USRP2 cases. The multi cycle max detector 

performs comparably to the multi cycle detector for the USRP2 case, but is slightly worse 

when using the signal analyzer. The region cycle max detector outperforms the region 

cycle detector using a signal analyzer for measurements, but they perform comparably 

in the USRP2 case. The single cycle detector performs comparably to the multi and multi 

cycle max detectors for the USRP2 case. This is a direct result of the lesser hardware 

precision of the USRP2 compared to the signal analyzer.  

 

 

Figure 2-42: ROC curves comparing all 5 detectors at transmit power -85 dBm for the 

signal analyzer case. 
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Figure 2-43: ROC curves comparing all 5 detectors at transmit power -55 dBm for the 

USRP2 case. 

 

In order to evaluate the performance of the cyclostationarity based detection methods, it 

is suitable to compare it to energy detection. Figure 2-44 shows the ROC curves of all 

cyclostationary detectors as well as the ROC curve of classical energy detection using the 

signal analyzer measurements at transmit power of -85 dBm. Clearly, all of the proposed 

modified cyclostationary detectors outperform energy detection. Energy detection 

performs comparably with the simple single cycle detector.  

 

 

Figure 2-44: Comparison of all 5 cyclostationary detectors with energy detection using 

signal analyzer measurements at -85 dBm transmit power. 

2.9 Lesson learned 

Several different sensing techniques have been proposed. It is not fair to claim that one 

method is solely the best. There are several important conditions to take into account, 

and it can be necessary to make tradeoffs between different performance criteria. For 

example, a longer set of measured data enables detection under low SNR conditions but 

it also increases the sensing time. Some important properties of a sensing technique to 

take into account before deciding on a specific method: 

 Prior knowledge defines the quantity of signal information needed by the method. 

Blind detection techniques require no prior knowledge concerning primary signal. 

 Noise rejection describes the immunity of the method against noise variation. 

 Interference rejection shows the capacity of the method to be immune to other 

disturbances. 

 Sensing time gives an idea of the performance of the method in real-time 

applications.  
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 Computational complexity depicts the quality of difficulty required to execute the 

method. 

 Access to other sensors enables cooperative sensing. 

The experience from this chapter is that: 

 The energy detection is the simplest and most robust signal detection method. 

However, it requires prior knowledge regarding the system noise and is not very 

reliable. The increase of the sample size results in a more reliable detection when 

the noise floor is perfectly known. 

 Two blind detection techniques have been investigated, MMEVD and a recently 

published technique, spectrum discrimination.  

 The MMEVD do not need any prior information about the noise level. However, 

the algorithm is complex and thus, it may affect the sensing time. 

 Spectrum scanning is doable via MMEVD with frequency domain rectangular 

filtering 

 Spectrum discrimination technique is less complex than MMEVD and has shown 

promising results. 

 The HOS based detection provides increased detection performances in trade off 

with higher processing requirements. The slope of performance increase with 

respect to the sample size is significant, resulting in reliable detection of various 

types of signals with very low SNRs. 

 The cooperation among sensing devices yields detection performance 

improvements with different data fusion methods showing different results. The 

EGC fusion is the most reliable fusion method of all inspected. Out of the hard 

decision methods, the OR decision rule is often the most reliable one. However, in 

the case of cooperative energy detection and very low SNRs, the OR method is 

significantly affected by the noise outliers. On the other hand, for the cooperative 

HOS detection, the OR hard decision rule offers similar performances to the soft 

EGC fusion and can be a reasonable choice since it provides the optimal 

complexity-reliability tradeoffs. 
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3 Database-assisted Collaborative Sensing  

The geolocation white space methodology works by searching for unused areas of the 

airwaves or gaps that exist in bands that have been reserved for TV broadcasts (UHF in 

UK and UHF, VHF in the US) and using them on an opportunistic basis.  The secondary 

use is free, conditional upon avoiding harmful interference to the license users of the TV 

bands i.e. the Digital Terrestrial Television and wireless microphone users also called as 

primary users.  The primary network needs to be protected by a certain protection ratio 

that requires the knowledge of quality of TV reception in a given location. The protection 

metric called DTT location probability is used which is the probability with which a DTT 

receiver would operate correctly at a specific location; i.e., the probability with which the 

median wanted signal level is appropriately greater than a minimum required value. The 

geolocation white space database runs extensive simulations based on various empirical 

propagation models like Okumara-Hata [28], ITU P.1546 [29] to estimate the quality of 

TV reception in a particular location. The propagation predictions however are of coarse 

nature due to limitations of propagation models in characterising buildings/terrain 

fluctuations, diffraction, vegetation/foliage effects, etc. Further, a location resolution 

accuracy of 100mX100m is adopted as a reasonable trade-off of computational 

complexity.   

Propagation inaccuracies and computational trade-offs result in the TV signal and 

shadowing margin in any pixel to be not very well-defined and therefore an overly 

protection margin is used to protect the primary networks. To overcome this problem we 

propose a hybrid model - combination of the geolocation database with a collaborative 

sensing framework. The collaborative term here concerns an optimum selection of 

secondary devices sensing primary transmission in a certain geographical area and 

cooperating with the database to improve its estimation (location probability - mean 

received signal and shadowing margin). The aim is to ultimately make a comparison of 

our results with geolocation database predictions and apply corrections to the database 

approach. Further, Ofcom requires that white space device should be able to sense DVBT 

signals down to -120dBm, FCC requires down to -114dBm. In the conventional sensing 

method secondary devices autonomously detect the presence (or absence) of primary 

system signals using a detection algorithm. Detection of primary signals could be subject 

to the so-called “hidden node problem”, which occurs when there is blockage between 

the secondary device and a primary transmitter resulting in a situation where a 

secondary device may not detect the presence of a primary signal and starts using an 

occupied channel, hence causing harmful interference to primary receivers. This problem 

could be addressed with cooperative sensing algorithms where the measurement 

performed by multiple secondary devices are combined in order to achieve a higher 

sensing level than is possible with a single device  The information from the database is 

complemented with spectrum sensing data [34]. 

3.1 Related Work  

In this section an overview of related work is presented. In [30], CR network 

optimization is carried out numerically in order to derive the optimal number of 

cooperating spectrum sensing devices. In this approach the cooperating sensing devices 

are the secondary users. The CR devices are distributed randomly within a certain radius 

of the BS. Each CR device is tuned to the TV-band in order to sense the primary user 

(i.e. the TV-transmitter). After a certain sensing time period the obtained Signal-to-

Noise Ratio (SNR) samples from the selected frequency band are uploaded to the BS; 

the output of the CR slave devices is fused and processed at the BS which is based on an 

energy detection scheme and a decision is made regarding the vacancy of the channel. 

Depending on whose interest is of priority either a targeted probability of detection Pd or 

false alarm Pf can be set. After setting the probabilities to a fixed target value of one, the 

other one can be optimized through cooperative sensing. These are referred to as the 

Constant Detection rate (CDR) and Constant False Alarm rate (CFAR) respectively. The 

numerical simulations were carried out with a fixed pre-determined threshold and a basic 
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path-loss model without fading. It turned out that the network does not necessarily 

achieve the optimum performance, but instead an optimum is achieved by cooperation 

of a certain number of users with the highest primary user's SNR. The optimal number of 

sensing nodes is computed by either using one of the following two well-known fusion 

rules: the AND rule and the OR rule. The assumptions made in this paper are rather 

theoretical and no fading propagation models are included to derive the optimal number 

of users. 

Elaborating on this work, in [31] the optimization of cooperative sensing with energy 

detection is considered in order to minimize the total error rate, i.e. Pf + Pm , where Pm is 

the probability of missed detection (i.e. Pm = 1 - Pd). The optimal threshold is 

determined to minimize the total error rate, and close-form solutions are provided for 

different channels (e.g. Additive White Gaussian Noise (AWGN), Rayleigh fading). The 

results found that the decision fusion rule named  half-voting rule is optimal or near 

optimal whereas the OR rule and the AND rule are optimal in rare cases. However no 

solution is given for the optimal number of secondary CR users with respect to the 

proposed minimum error rate criteria.  The assumptions in their model are not applicable 

for a realistic situation and a subset of collaborating devices is not considered 

A first step in collaborative sensing in fading environments is made in [22]; here close-

form expressions for Pd and Pf are provided regarding the Rayleigh fading statistics. 

Moreover for Log-normal shadowing the expressions are determined numerically, where 

the PDF of the corresponding inherent Gaussian random variable is characterized by its 

dB-spread and zero mean. Independent and identical distributed (i.i.d.) fading channels 

are used where the decision making process takes place at a local simple energy 

detector. Their results are the following. First theoretical analysis indicates that primary 

user detection is possible at arbitrary low SNR levels at the secondary users. Secondly it 

is shown theoretically that collaboration lowers the observation time and the required 

bandwidth for satisfactory detection of spectrum occupancy state. Correlated shadowing 

is proposed for future work. However, no numerical simulations are provided and the 

work does not take into account the observation in [30] that the optimum probability of 

detection is achieved by cooperation of a certain number of users with the highest 

primary user's SNR. 

In line with the Rayleigh fading description in [22], a similar approach is used in [32] to 

derive closed-form expressions for Pd and Pf regarding Nakagami-M channels in the 

context of collaborative sensing. This is done because Nakagami channels are considered 

as the most generalized model to characterize fading and a multi-path wireless 

environment. However the numerical analysis is rather limited in this context.  In [32] 

and [22] a purely theoretical framework for collaborative sensing is presented that is 

solely focussed on either Nakagami or Rayleigh/shadowing channels; a subset of 

collaborating devices is not taken into account and numerical simulations are very 

limited. 
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3.2 General Model 

We propose a more generic model using database-assisted collaborative spectrum 

sensing framework that resemble the real-life situation.  Figure 3-1 depicts the scenario 

for the proposed general model. 

 

Figure 3-1: The cognitive radio network with collaborative WSD devices sensing the TV-

band to detect the presence of the primary user i.e., a distant TV-transmitter - the TV 

signal's propagation paths are depicted as dashed black lines. An optimal sub-set of 

secondary system under the master-slave architecture update the geolocation database 

(via the master device) with individual measurements (thin blue line). The database runs 

a fusion algorithm and communicates the resultant decision to master device (solid thick 

blue line). 

 

The primary system is a TV-transmitter located at a distance from the secondary 

systems that have CR capabilities. The secondary system is assumed to be White Space 

Devices (WSD) distributed randomly over a certain geographical area and are connected 

to the geolocation database under the master-slave architecture. A set of secondary 

devices designated as master devices are connected to the database via the fixed-line 

while the remaining devices are under control of master devices operate within the 

master‟s coverage radius are called slave devices. In this study we make no distinction 

between the two; master or slave and treat them transparently. An explicit 

differentiation is made where necessary. The primary TV signal propagation profile is 

modelled as an i.i.d. slow fading channel using Okumura-Hata model and the ITU P. 

1546 model with a slow fading channel since shadowing due to terrain obstacles is the 

main source of fading for DTT signals.  

3.2.1 Proposal 

Our work involves development of a novel database-assisted collaborative sensing 

algorithm based on cooperation between an optimal set of secondary devices and the 

geolocation database.  These secondary devices sense the TV-band so that a decision 

can be made whether the primary user transmission is present in a particular location. 

An optimum number of cooperating devices for various topology sizes and geography is 

determined for appropriate fading/shadowing model under the CDR and CFAR 

requirements. The selected subset is chosen such that it contains devices with the 

highest SNR values. A minimum Euclidian distance is required between the secondary 
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devices to avoid overlap and also to avoid overheads of unnecessary communication. A 

minimum total error rate metric is used that helps in estimate the number of cooperative 

sensing devices needed to achieve a particular error rate. The subset of the secondary 

devices selected is generally lower than the total number of WSD devices in given 

location.  

The individual sensing readings are fed into the database, which runs the fusion 

algorithm.  The decision making process at the geolocation database based on collected 

spectrum samples obtained from the secondary devices which incorporates the mean 

path loss and fading component. The collaborative fusion algorithm uses the individual 

Pd,i and Pf,i for each secondary devices in the subset, applies the fusion rule of interest to 

eventually derive the Pd and Pf of the whole cooperating network. Currently we consider 

the AND rule and OR rule only, but this could be easily extended to a more generic 

fusion model such as the half-voting rule as proposed by [31].  The performance of the 

applied collaborative sensing algorithms is evaluated and the optimum number of 

collaborating users under slow fading conditions is derived. The results will be finally 

compared with the field strength results of the white space database 

The overall aim is to refine the location probability per pixel in the database using the 

sensing feeds from an optimal set of secondary devices and subsequently protect the 

primary by the right margin. This in turn would provide more refined/accurate results 

related to spectral and power availability of the secondary systems. 

To calibrate and verify/validate the theoretical work done, we have performed actual 

measurements of antenna readings based on energy detection in the TV-band taken at 

roof-top height.  Instead of assuming a random device distribution we make use of real 

UK building database. Figure 3-2 provides an illustration of the setup used for the 

experimental work.   

 

 

    

Figure 3-2: Measurement van/set-up for portable measurements 
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3.3 Initial Results 

3.3.1 Simulation Results: Propagation modelling 

First the results regarding the selected propagation models are provided; i.e. the 

average received power (in dBm) as function of distance. In this case a sample TV-band 

transmitter station in the UK is selected. Location: Sudbury, ERP: 100 kW, Tx frequency: 

682 MHz, Tx effective height: 196m. The ITU recommended P.1546 propagation model is 

used to derive the path-loss as function of distance (t = 50 percent, land terrain); as a 

reference results for the Okumura Hata and the free space loss models are provided as 

well. The TV-receivers are assumed to be on top of the houses at an average Hx antenna 

height of 10m. The results are shown in Figure 3-3. However, for experiments – 

described in the experimental results section ahead – a receiver antenna of 4m is used; 

in line with this height, the propagation results are displayed for the Hx=4m case 

including Okumura Hata and ITU P. 1546 (not for free space) . 

 

 

Figure 3-3: ITU P1546 and Okumara-Hata radio propagation model comparison 

 

As the TV antennas are at the roof tops the fast fading effects (i.e. multi-path 

reflections) are negligible. However, due to terrain obstacles, the main cause of fading is 

shadowing (i.e. slow fading). To model slow fading an auto-regressive correlation model 

is used. The standard deviation of the corresponding log-normal distribution in 

accordance with measurements currently is set to 9 dB. The computed loss according to 

slow fading (no path-loss included) is shown in Figure 3-4. 
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Figure 3-4: Slow fading characteristics with standard deviation 9dB. 

 

3.3.2 Simulation Results: Collaborative Sensing Network Performance 

 

The performance of the sensing network at the energy detector is carried out for 

different values of average SNR and for a number of collected samples m characterized 

through its complementary Receiver Operating Characteristics (ROC) curves; i.e. its 

probability of missed detection Pm (where Pm = 1- Pd) versus probability of false alarm Pf 

where the latter probability is solely a function of the detection threshold. The ROC 

curves are derived for the following conditions: 

Different channels:  with shadowing and AWGN channel (reference). 

Without collaboration i.e. n=1 and with n=2 and n=3 collaborating users. 

 

The implemented collaborative sensing algorithms are categorized as hard-decision 

algorithms; i.e. users share their final 1-bit decisions rather than their decision statistics. 

The underlying fusion rules hard-decision mechanism are listed below 

 

OR-rule (one-out-of-n rule) 

AND-rule (n-out-of-n rule) 

 

The collaborative sensing algorithms were employed to evaluate network detection 

performance and computations based on analytical relations describing the detection 

mechanisms. We expect significant improvements from collaborative sensing when 

applied to shadowing channels compared to the AWGN channel as deep fades are very 

likely to occur in the shadowing case. Use of a collaborative sensing approach enables 

secondary users to distinguish better between a white space and a deep shadowing 

effect, the so-called “hidden node“. However, to find the optimal number of collaborating 

users, actual network simulations are required since the problem is analytically 

intractable. This is because the optimum number of collaborating secondary users is less 

than the total number of users whereas the selected subset contains the users with the 

highest SNR values; this condition complicates the optimization problem and requires an 

empirical solution to the optimization problem.   

The performance of the energy detection scheme for different channels and for different 

number of collaborating users is evaluated. The sensing time relates to the total number 

of samples obtained at the energy detector thus the higher the number of samples the 
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higher the probability of detection. In the sequel the number of samples is fixed at the 

detector so that the ROC curves can be compared for different SNR values. In the case 

of primary user detection for the TV band the detection in the lower SNR regime is the 

most interesting; in addition the shadowing channel is the most relevant one. 

 

 

Figure 3-5: ROC curves, m = 5 (number of sensing samples), SNR =0 dB. Here, n 

denotes the number of collaborative users. Regarding shadowing, two types of channels 

are simulated i.e. with a standard deviation of respectively 2dB and 6dB. 

 

Simulations are performed to generate the ROC curves for the shadowing and AWGN 

channels as depicted in Figure 3-5 for the SNR=0 dB case. Here the Pf corresponds in a 

one-to-one fashion to the threshold. Thus the interpretation of the ROC is as follows. For 

a fixed Pf (i.e. derived from the threshold) the Pm is determined and depicted; better 

system performance is achieved once the Pm is at the lowest possible level for a given Pf. 

Note that the results of AWGN channel are depicted as a reference. The results are 

shown for both one-device and multiple devices collaborating to enhance detection. The 

applied fusion rule in this example is the OR-rule where the sensing time is fixed to m = 

5 samples for all cases. Furthermore, for the collaborative case the Pf and Pm can be 

viewed as the so-called network Pf and network Pm. To conclude, the simulation results 

show that for a particular shadowing fading channel the collaborative sensing benefit is 

significant. For instance under CFAR (fixed Pf = 0.1) and 6dB shadowing, the deployment 

of 3 collaborating users leads to Pm = 0.1 whereas non-collaborative sensing provides Pm 

= 0.35 i.e., comparing the purple curve with the red curve for Pf = 0.1 in Figure 3-5. 
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Figure 3-6: ROC curves, m = 5 (number of sensing samples), SNR =5dB. Here, n 

denotes the number of collaborative users. Regarding shadowing, two types of channels 

are simulated i.e. with a standard deviation of respectively 2dB and 6dB. 

     

In a similar way the ROC results are shown in Figure 3-6 for the SNR = 5 dB case. Based 

on the ROC results it turns out that collaborative sensing increases detection probability 

i.e., decreased probability of missed detection (Pm) for both SNR regimes. Here similar 

conclusions can be drawn as for the 0 dB SNR case showing the benefit of collaborative 

sensing over non-collaborative sensing. The only difference is that the ROC curves are 

positioned at a lower level, e.g. a Pm = 0.01 instead of Pm = 0.1 for respectively Pf = 0.1 

and 6dB shadowing. This is in line with the expectations because of the 5dB SNR 

difference. 

 

3.3.3 Experimental Results  

 

Experimental measurements results are used to validate the theoretical findings and 

some initial TV-band readings have been obtained using Rohde and Schwarz equipment. 

The actual readings are to be used in collaborative sensing algorithm and compared with 

the theoretical propagation model results in the database. The measurements are carried 

out using the following equipment specifications: 

 

 Rohde and Schwarz FSH8 spectrum analyzer (100 kHz – 8 GHz).  

 Signal power measured over 8 MHz bandwidth. 

 Antenna height 4m. 

 Antenna type Yagi; horizontal polarization. 

 Distance from Tx: around 35.5 km. 

 Measurements taken at four different locations. 
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 One reading is recorded per location (m=1); i.e. instantaneous maximum value. 

 The receiver is tuned to three Sudbury TV channels (i.e. at centre frequency 

634MHz, 658MHz, and 682MHz). 

 Antenna gain=8dB, Cable loss=3dB; yields system gain of 5dB. Here, the 

antenna is pointed into the direction of the strongest signal. 

 The receiver noise floor is around -90dBm. 

 

 

 

Figure 3-7: The location of the 100kW TV transmitter of Sudbury (UK) and its distance to 

the receiver location(s) in Adastral Park (BT area), i.e. 35km. 

 

The TV signal propagation takes place over land (i.e. near Ipswich UK); the 

measurement site and the TV transmitter location are depicted in Figure 3-7. Note that 

the situation can be compared with the theoretical model presented in the simulation 

section 3.3.2. Here an average received signal of approximately -80 dBm is expected 

according to ITU P.1546 (Hx 4m, distance 35 km). 
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Figure 3-8: The five receiver locations where readings have been carried out at Adastral 

Park (BT); the receiver antenna height is 4m. Here the upper part of the picture 

corresponds to the North. As a result, the TV signal coming from Sudbury is mainly 

blocked at the SSTF location (obstructed by high building). The other receiver locations 

are not obstructed by nearby buildings. 

 

The receiver location at Adastral Park in Figure 3-7 covers the five locations where 

measurements were done as depicted in Figure 3-8. The four locations „B48 CP‟, „B83 

CP‟, „P64‟ and „B67 CP‟ are in open area around site whereas one location „SSTF CP‟ is 

obstructed by a nearby building. The corresponding results for each location are listed in 

Table 3-1. Here the key observation is that the lowest signal values are recorded for the 

„SSTF CP‟ location; this can be explained because of the nearby building that obstructs 

the TV signal (shadowing effect). 

Table 3-1: For each receiver location the recorded signal strength is depicted. This is 

carried out for the three Sudbury TV channels. 

Location Channel 634MHz Channel 658 MHz Channel 682 MHz 

B48 CP -76.9 dBm -81.9 dBm -79.3 dBm 

B67 CP -82.4 dBm -81.4 dBm -80.3 dBm 

B83 CP -74.2 dBm -71.8 dBm -77.1 dBm 

SSTF CP -84.5 dBm -84.5 dBm -84.5 dBm 

P64 -77.3 dBm -74.4 dBm -78.9 dBm 
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According to the theory of primary user detection (i.e. using Marcum Q function) [22] – 

the Pd can be determined under the CFAR requirement; in this particular case the Pf is 

set to 1e-6. In line with this the Pd is derived as function of both SNR and sensing time 

(m=1, i.e. single recording) for each location and is shown in Table 3-2.  

 

Table 3-2: Regarding channel 682 MHz, for each location the recorded SNR and Pd are 

listed. Here, the Pd is based solely on the individual SNR under CFAR (i.e. fixed Pf = 1e-

6). Here the location with the highest SNR/Pd is highlighted and colored in blue italics. 

Location SNR Pd 

B48 CP 10.7 dB 37.85 % 

B67 CP 9.7 dB 20.31 % 

B83 CP 12.9 dB 85.90 % 

SSTF CP 4.5 dB 0.54 % 

P64 11.1 dB 46.68 % 

 

3.3.4 Experimental Results: Collaborative Sensing 

 
This section illustrates how collaborative sensing could improve primary user detection 

using the sample readings provided above from Sudbury reception. Using the proposed 

collaborative sensing scheme of Section 3.2, the performance of a selected data fusion 

rule is evaluated and compared with the non-collaborative sensing case; for this purpose 

the OR-rule is chosen as the data fusion rule.  Thus – as in accordance with the Section 

3.2 model - at the data fusion centre the users/locations with the highest SNR are 

selected for fusion only; in the sequel we refer to this number of collaborative users as 

the network. Moreover, this leads to respectively the so-called network-based Pf and Pd 

(see Section 3.3.2).  To compare with the non-collaborative sensing results of Section 

3.3.3 the same CFAR criteria is used with a (network) Pf of 1e-6. The results are 

evaluated for a variable number of collaborating users and are listed in Table 3-3.  

 

Table 3-3: Regarding channel 682 MHz, the use of collaborative sensing is illustrated. 

Under CFAR (i.e. fixed network Pf = 1e-6) the network Pd (using the OR-fusion rule) is 

computed. Here, only the users with the highest SNR values are selected for fusion; with 

an optimum of 4 collaborating users (highlighted in red italics). In addition, respectively 

5 and 15 noise values (i.e. -90 dBm) are added to illustrate its impact on detection. 

Number of Coll. Users Network Pd 

The highest SNR value (No coll.) 85.90 % 

The 2 highest SNR values 89.91 % 

The 3 highest SNR values 91.76 % 

The 4 highest SNR values 91.90 % 

                     All 5 SNR values 90.99 % 

The 5 SNR values + 5 noise values 87.72 % 

The 5 SNR values + 15 noise values 83.87 % 

 
 

The results show that data fusion of the 4 locations with the highest SNR yields the 

highest probability of TV transmitter detection (i.e. highest network Pd); this corresponds 

to 91.90% which is significantly more compared to the non-collaborative sensing case 

where the Pd are in range of {0.54%– 85.90%}. In other words, the collaborative 

sensing scheme (OR-rule) outperforms the non-collaborative sensing scheme. More 

interesting, irrespective of the number of collaborative users/locations (in range 2-5 

users) the performance of data fusion is always better than the highest individual Pd (i.e. 

85.90%) as listed in in Table 2 (non-collaborative case). To investigate the robustness of 
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OR fusion w.r.t. shadowing effects some test data is added to the existing set of 

readings. The test data consists of values manually set to the average noise level, i.e. -

90 dBm, to model the shadowing effects; this can be regarded as deep fade readings. It 

turns out that incorporating five of such deep fade values under OR-fusion (i.e. all values 

are fused) causes a drop of network Pd to 87.72% which is however still above the 

referred highest individual Pd. Finally, a lower network Pd is achieved for the collaborative 

sensing scheme when a total of 15 deep fades are added (see Table 3-3).  

3.3.5 Measurements Resuls: Various Spatial Locations 

In this section, some initial measurements on slow fading are provided. This experiment 

is set up in order to give insight into the slow fading characteristics, i.e. shadowing and 

correlation coefficients. This is important for modelling spatial correlated shadowing 

using the overall UK database readings. Here the many sensing devices could assist in 

determine for instance the area specific shadowing deviation; this can be compared with 

the Ofcom provided database values in order to improve accuracy. 

The experiment includes four readings in a straight line from the Sudbury TV transmitter 

(at 35 km; nearby Ipswich UK) without any obstruction in between; the readings are 

carried out on a straight road in Line Of Sight (LOS) of each other. The four reading 

locations are shown in Figure 3-9. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Here the same Rohde and Schwarz measurement equipment and Yagi antenna are used 

as described in previous section; recording instantaneous signal power; m=1 reading per 

location. The results are listed in Table 3-4 per location for each Sudbury channel. 

Remarkably, the results show large deviation – i.e. shadowing deviation of around 7 dB - 

and the readings tend to be uncorrelated.  

 

 

 

 

 

Figure 3-9: To characterize slow fading measurements are carried out at four 
locations in straight line with the Sudbury Transmitter (at 35 km distance). 
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Table 3-4: For the four locations - in straight line with the Sudbury Transmitter of Figure 

3-9 - the recordings are listed. Based on this the shadowing standard deviation (sigma) 

per TV channel is computed. 

Location Channel 634MHz Channel 658 MHz Channel 682 MHz 

1 -66.3 dBm -69.1 dBm -63.2 dBm 

2 -76.9 dBm -71.3 dBm -71.2 dBm 

3 -70.7 dBm -67.3 dBm -68.1 dBm 

4 -83.6 dBm -85.6 dBm -81.4 dBm 

 

Sigma 6.52 dB 7.23 dB 6.66 dB 

 

The results show that spatial correlated location readings – positioned in straight line of 

each other without obstruction in between – yield a high shadowing deviation value. 

However, more future research is needed to assess the correlation coefficient better, i.e. 

smaller reading intervals (e.g. 20m). 

 

3.4 Key Findings/Future Research 

The key findings and conclusions based on simulations and initial measurements are 

listed below. 

 Simulations show the advantage of collaborative sensing over non-collaborative 

sensing in shadowing environments. 

 The ITU P.1546 model provided results that match to the actual readings; 

however this needs to repeated from distances much further than the current Tx 

transmitter distance.  

 The performance of the OR-rule data fusion on a small sample set of readings 

illustrates the benefit collaborative sensing over non-collaborative sensing. 

 The approach of selecting the highest SNR values for data fusion entails a certain 

optimum of collaborative sensing locations/users in order to detect the primary 

user (i.e. TV transmitter).  

For future research we plan to fulfill the following tasks: 

 Extend the simulations for a real-life situation with many sensing devices in a 

particular area; for this purpose the ITU P.1546 model is incorporated into the 

modem in conjunction with the real house database. This can provide the 

optimum number of collaborating users in a shadowing environment under 

different fusion rules. 

 More measurements – including more readings per location – to determine the 

advantage of collaborative sensing on a larger scale and in an improved manner. 

The measurements can be compared with the available Ofcom database to 

improve its accuracy. 

 To characterize slow fading in the TV band additional readings are required to 

assess certain parameters better, e.g. correlation coefficient. To achieve this 

more readings per locations are needed and the distance segments between the 

locations must be smaller. The results can be used to model spatial correlated 

shadowing and to estimate the shadowing deviation better. When the 

collaborative sensing feature is rolled out, the results can be used to provide 

shadowing deviation per pixel for country-wide area. 
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4 Polarization discrimination measurements 

Using linear polarizations in both, primary and secondary transmissions can reduce the 

amount interference generated to primary receivers or allow using higher secondary 

transmission powers if the polarizations are orthogonal. Usually DTT is transmitted by 

using horizontal or vertical polarization. In ECC SE43 report [35] it is stated that when 

fixed roof-top antennas are used with orthogonal polarizations, an additional 16dB 

polarization discrimination factor can be used. The situation is different when we have 

indoor environment. Reflections and outdoor-to-indoor penetration affects to the signal 

polarization. The purpose of this section is to provide realistic polarization discrimination 

results for indoor environment when different antennas are used. 

4.1 Antenna verification measurements 

First step of the measurements was to verify different antennas, focusing on their 

radiation patterns and their ability to isolate vertically and horizontally polarized signals.  

Measured antennas included 2 commercial indoor DVB-T antennas and 2 professional 

antennas produced by Rohde&Schwarz. Measurements were done in an isolated anechoic 

room at Aalto University lab. Room‟s RF shielding prevents signals propagating through 

the walls. We avoid causing interference to other systems and also prevent interfering 

signals to affect our measurements. The walls, ceiling and floor are covered with 

absorbing material that prevents signal to reflect from the surfaces.  

Transmitted test signal was generated with signal generator and antenna that was used 

for transmitting had horizontal polarization. As a test signal we used 8 MHz DVB-T 

signals with central frequency of 562 MHz. The verified antenna was placed at 4.2m 

distance from the transmitting antenna. Tested antenna was connected to spectrum 

analyzer that was used to measure the received power level of the signal. Since the 

main focus was to get relative results, we didn‟t calibrate the measurement setup (cable 

losses etc.). Figure 4-1 shows the measurement environment. 

 

 

Figure 4-1: Anechoic chamber measurements, R&S HE300 antenna horizontally 

positioned 
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4.1.1 R&S HE300 antenna 

The HE300 antenna is manufactured by Rohde&Schwarz. It is a portable directional 

antenna that is can be used for example to trace signal transmitters or interference 

sources. The antenna element can be turned by 90 degrees with respect to the handle, 

depending on the wanted polarization. Antenna handle contains a built-in amplifier that 

can be switched on if needed. In our measurements the amplifier was off. Different 

antenna elements are available for different frequency ranges. The element that was 

used in these measurements is targeted for range 500MHz-7.5GHz. HE300 is show in 

Figure 4-2 with the antenna element turned according to horizontal polarization. 

According to the antenna‟s specifications, the antenna Gain in passive mode at 610MHz 

is about 10dB. 

 

Figure 4-2: R&S HE300 antenna horizontally positioned 

The measured radiation pattern of the HE300 antenna is shown in Figure 4-3. It can be 

seen that when the antenna is pointing towards the horizontally polarized transmitter 

antenna, the received power is decreased by 35dB when the antenna element is turned 

from horizontal to vertical position. Even if the antenna is pointing 45° away from the 

transmitter the difference is almost 20dB. With larger angles the antennas ability to 

differentiate different polarizations diminishes as well as the antenna gain naturally. 

 

Figure 4-3: R&S HE300 antenna measured radiation patterns for horizontally and 

vertically positioned antenna (top view) 
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4.1.2 Commercial table Yag-antenna 

The tested commercial indoor table Yag-antenna is shown in Figure 4-4 with the antenna 

element horizontally positioned. The antenna was bought from a local electronic store 

and has a retail price of about 25 euros. Antenna element can be turned either to 

horizontal or vertical position. Antenna has a built-in amplifier that must be turned on, 

otherwise the signal strength is extremely weak. The amplifier can be adjusted in order 

to get the wanted signal strength, and during our measurements the amplifier was fixed. 

Antenna is designed to cover the UHF TV channels 21-69.   

 

Figure 4-4: Yag-table antenna horizontally positioned 

The measured radiation pattern of the Yag-antenna is shown in Figure 4-3. The 

difference between horizontally and vertically positioned antenna is surprisingly constant 

and good in all directions. 

 

 

Figure 4-5: Yag-table antenna radiation patterns for horizontally and vertically positioned 

antenna (top view) 
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4.1.3 Commercial table Tap-antenna 

Second tested commercial antenna was an indoor table antenna with rather stylish 

looks. Let‟s name it as Tap-antenna. This antenna was also bought from local electronics 

store with retail price tag of about 25 euros. The antenna should cover both VHF and 

UHF TV bands. This antenna also has an internal amplifier, but without any possibility to 

adjust the level. The instructions of the antenna do not mention anything about 

polarization. The antenna is shown in Figure 4-6 with “horizontal” position. 

 

Figure 4-6: Tap-antenna “horizontally” positioned 

Radiation patterns of the tap-antenna are shown in Figure 4-7. Surprisingly this antenna 

gave the largest gains when it was placed in “vertically”, meaning that the tap and base 

were pointing sideways, resulting to not so stylish appearance anymore. Also the highest 

gains came from the backside of the antenna. From the front side of the antenna, 

horizontally positioned antenna (as seen in Figure 4-6) gave slight more gain. 

 

Figure 4-7: Tap-antenna measured radiation patterns for horizontally and vertically 

positioned antenna (top view) 
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4.1.4 R&S tri-axis sensor 

The TSEMF-B1 tri-axis sensor antenna is manufactured by Rohde&Schwarz. The antenna 

is specifically designed for measuring EMF emissions. The antenna provides isotropic 

reception by using 3 orthogonally arranged antenna elements that are electronically 

switched. The antenna is shown in Figure 4-8. By switching between different elements, 

signals with different polarizations can also be received. The antenna is designed to 

operate on frequency range 30MHz-3GHz.  

 

Figure 4-8: R&S tri-axis sensor antenna “horizontally” positioned 

The measured radiation patterns of the tri-axis sensor are shown in Figure 4-9. The 

gains are calculated by summing the powers of all three sensors probes. The difference 

between vertically and horizontally positioned antennas is caused by different antenna 

factors for each sensor probe. The small differences in the gains, are likely caused by the 

small variation in the test signal field strength. When antenna is turned, also its position 

is varied by few centimetres. As a conclusion we can anyway say that the tri-axis sensor 

antenna is very close to isotropic antenna. 

 

Figure 4-9: R&S tri axis sensor radiation patterns for horizontally and vertically 

positioned antenna (top view) 
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4.2 Field measurements 

Polarization field measurements were done in a three-story office building at Aalto 

university premises in Espoo, Finland. The Yag-table antenna and R&S tri-axis sensor 

antenna were used in the measurements. As seen from the lab measurements he yag-

antenna gives guite good polarization differentiations with reasonable price, and in 

additions the tri-axis sensor provides also good isotropic gain pattern.  

Measurement locations were in each floor of an office wing. Aerial photo of the building 

is shown in Figure 4-10. Measured DVB-T transmission has a central frequency of 562 

MHz, which is the same that were used in lab-measurements, and the transmission is 

horizontally polarized. Signal strength was measured at 5 locations in the corridor of 

each floor, and in addition on the roof of the building. On the roof there is actually line-of 

sight connection to the TV transmitter that is at 10.7 km distance from the measurement 

site. Floor plans and measurement locations in each floor are shown in Figure 4-11. The 

ground level is higher on the east side of the building, and therefore 1st floor is partially 

underground. Most of the walls in the building are concrete or brick walls. Most outside 

walls have large windows that ease the signal penetrating to indoors. The office wing on 

the west side is also three stories high, and it is likely to cause is likely to cause 

shadowing especially on the 1st and 2nd floors. Rooftop measurements were done at 

location “2” on the floor plans. 

 

 

Figure 4-10: Aerial photo of measurement location and distance to DVB-T transmitter 
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Figure 4-11: Floor plans and measurement locations 
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4.2.1 Measurement results 

The measurement results are shown in Figure 4-12 - Figure 4-18. Coloured bars show 

the received powers in horizontal polarization and the black bars show the received 

power in vertical polarization. With the tri-axis sensor antenna, the power in different 

polarizations can be measured from different sensor probes. Probes 1 and 2 are 

receiving horizontally polarized waves and sensor probe 3 is receiving vertically polarized 

waves. With the Yag antenna, different polarizations can be measured by turning the 

antenna element between horizontal and vertical positions. The received powers were 

measured in each location three times with antenna pointing into different directions. 

Direction 0 degrees means that the antenna is pointing towards the transmitter, 90 

degrees meaning that the antenna is pointing between south and south-east, and 180 

degrees meaning that antenna is pointing between east and north-east.  

As can be expected, the tri-axis sensor antenna provides more logical and table results 

compared to the Yag-antenna. This is due to the omnidirectional nature of the tri-axis 

antenna. In general there is about 5dB different in the powers of 3rd and 2nd floor 

measurements. Between the 2nd and 1st floor measurements the difference in powers are 

larger than 5dB in locations 1, 2, 3, whereas in location 5, the power levels are about the 

same. This can be explained by the strong shadowing effect of the building (more 

concrete on the signal path).  

What it comes on the polarization of the signal, it can be seen that with the Yag-antenna 

makes no clear difference whether the antenna is vertically or horizontally placed. This is 

slightly surprising since in verification measurements we got clear and rather constant 

difference. In almost half of the measurements we got actually stronger signal power 

when the antenna was vertically positioned. The tri-axis sensor antenna gave more 

consistent results regarding to the polarization. In only one location the vertically 

polarized signal was stronger and even in this location the signal in general was very 

weak. In most of the locations horizontally polarized signal was 5-15dB stronger than 

the vertically polarized signal.  

 

Figure 4-12: 3rd floor measurement results with tri-axis sensor antenna 
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Figure 4-13: 2nd floor measurement results with tri-axis sensor antenna 

 

 

Figure 4-14: 1st floor measurement results with tri-axis sensor antenna 

 



QUASAR  Document: D2.5 

(ICT-248303)  Date: 31.03.2012 

QUASAR <RESTRICTED / PUBLIC> DISTRIBUTION Page 64 of 69 

© QUASAR and the authors 

 

Figure 4-15: 3rd floor measurement results with Yag-antenna 

 

 

Figure 4-16: 2nd floor measurement results with Yag-antenna 
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Figure 4-17: 1st floor measurement results with Yag-antenna 

 

Figure 4-18: Rooftop measurement results with tri-axis sensor antenna and Yag-antenna 

4.3 Key findings 

Usually transmitted TV signals are either vertically or horizontally polarized. In these 

measurements we examined what happens to the polarization in challenging indoor 

environment and how different antenna types manage to work in such environment. 

Potentially the polarization discrimination can allow us to use higher powers for 

secondary use if we also use different polarizations for primary and secondary 

transmissions. Our measurements show that the use of different polarizations can 

potentially provide benefits in an indoor environment, if we use omnidirectional antenna 

for reception. However, the benefit is strongly depending on the location, but in general 

the gain is 5-10dB. When directive antenna, such as normal Yag-antenna, is used, the 

use of different polarizations cannot provide any gains in indoor environment. Probable 

reason for the bad performance could be the multiple reflections coming from different 

directions, which can also have differently turned polarizations.  
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5 Conclusions 

Practical feasibility and application of different spectrum availability and spectrum 

opportunity discovery schemes necessitates implementation on market available 

equipment and subsequent extensive laboratory tests. The practical implementation 

provides hands-on insight into the performances and the implementation complexities of 

various spectrum discovery schemes allowing their reliable evaluation and comparison.  

There are two broad categories of spectrum discovery schemes, i.e. sensing based and 

database based. The sensing based schemes can be further divided into being local or 

cooperative ones. All spectrum discovery schemes differ in various terms and target 

application. Therefore, it is of upmost importance that the schemes are practically 

implemented and tested in a laboratory environment. 

This deliverable analyzes and evaluates selected spectrum discovery schemes, both 

sensing based and database based, as well as provides polarization discrimination 

measurements in an indoor environment that are suitable for secondary spectrum usage 

scenarios. The aim is to explore the implementation complexities and to give laboratory 

verification of the theoretical performances of the various techniques.  

 

Obtained results prove the feasibility and viability of practical spectrum sensing solutions 

that may foster the future development towards more reliable secondary spectrum 

usage. Geolocation database and collaborative sensing can be used together to get more 

reliable and accurate propagation estimates for the primary system. Polarization 

discrimination can provide benefits in an indoor environment, but the used antennas 

must be carefully chosen.  
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Acronyms 

Acronym Meaning 

AWGN  Average White Gaussian Noise 

BS  Base Station 

CDF  Cumulative Distribution Function 

CDR  Constant Detection Rate 

CFAR  Constant False Alarm Rate 

CR  Cognitive Radio 

CSD  Cyclic Spectrum Density 

DL  Downlink 

DTT  Digital Terrestrial Television 

DVB-T  Digital Video Broadcasting-Terrestrial 

ED  Energy Detector 

EDGE  Enhanced Data rates for GSM Evolution 

EGC  Equal Gain Combining 

FAM  FFT Accumulation Algorithm 

FFT  Fast Fourier Transformation 

GHOST Goodness-of-fit HOS 

GoF  Goodnes-of-Fit 

GSM  Global System for Mobile Communications 

HCAP  Hybrid Cyclostationary Analysis Platform 

HOS  Higher-Order-Statistics 

ISDBT  Integrated Services Digital Broadcasting – Terrestrial 

ITU  International Telecommunication Union 

LOS  Line Of Sight 

MMEVD Maximum Minimum Eigen values Detection 

MV  Majority Voting 

PDF  Probability Density Function  

PU  Primary User 

ROC  Receiver Operating Characteristics 

RSSI  Received Signal Strength Indicator 

SA  Spectrum Analyzer 

SG  Signal Generator 

SNR  Signal-to-Noise Ratio 

SU  Secondary User 

TDMA  Time Division Multiple Access 

WSD  White Space Devices 
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