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Abstract

The need for efficient spectrum utilization with reduced error rates has brought a
paradigm shift in wireless communication systems from a Single Input and Single
Output (SISO) systems to Multiple Input Multiple Output (MIMO) systems.
Conventional diversity combiners are used to boost the received Signal to Noise
Ratio at the Cognitive Radio receiver. However, these methods require perfect
estimation of the channel. This paper proposes a Meta-Analytic approach based
on p-Values for combining the data received from a secondary user equipped
with multiple antennas. The effect of the p-Value method as receiver diversity
combiner is studied and is compared with the existing non-coherent combining
schemes, which do not need channel state information. The weighted Z test and
Fisher’s method are used to combine the p-Values derived from the Anderson
Darling (AD) and Jarque Bera (JB) test statistics. A ballpark figure of the merits
of these diversity combining methods are provided in this study. Through
extensive Monte Carlo simulations, it is shown that the weighted Z test using the
Anderson Darling test statistic provides a probability of detection very close to
the existing non-coherent diversity combiners. Hence, this novel statistical
approach based on p-Values provides a promising solution to combine the test
statistics from multiple receiver antennas.

Keywords: Diversity combiners, Goodness of fit tests, p-Value, Probability of
detection, Spectrum sensing.
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1.Introduction

Sensing the availability of the radio channel is one of the salient tasks in Cognitive
Radio (CR). The sensing performance can be enhanced by either augmenting the
Signal to Noise Ratio (SNR) measured at the cognitive radio device or increase the
dimension of the received signal space. In a practical wireless environment, it is
critical to increasing the received SNR, as the signal received at CR can be deeply
faded and shadowed. The reliability of wireless communication system suffers
when the signal received at the CR antenna is faded. To overcome this effect of
small-scale fading in the detection of primary user activity, diversity techniques are
employed to provide an improvement in the received SNR and hence, achieve a
higher probability of detection [1, 2].

In the past decades, different kinds of diversity combiners have been exhaustively
investigated in the literature. From the studies, the Maximal Ratio Combining
(MRC), Equal Gain Combining (EGC), and Selection Combining (SC) are the most
commonly used diversity combiners. These diversity combining techniques no doubt
provide an improvement in the received SNR but they demand the learning of the
Channel State Information (CSI). Hence, this increases the implementation
complexity [3-5]. The MRC technique to maximize the output SNR is discussed in
[5, 6] with the assumption that the exact channel information can be estimated at the
receiver. But practically the perfect estimation of the channel cannot be achieved and
hence, this estimation error decays the sensing accuracy.

To mitigate the impact of the channel estimation error on the detection
performance several diversity combining techniques were proposed in the
literature. The non-coherent combining schemes, which do not need the CSI are
investigated in [7]. Under this category, the square law combiner (SLC) and square
law selection (SLS) are studied, which produces the decision statistic using the
outputs of the square-law devices available in each of the diversity branch. Akbari
et al. [8] proposed the use of evolutionary algorithms on receiver diversity based
on the Imperialistic Competitive Algorithm (ICA). It is shown that this combiner
does not demand the CSI, and it provides superior performance compared to MRC.

In most of the studies, to test for the null hypothesis several independent tests are
performed. In most instances, it is necessary to integrate these results from
independent tests to decide on the presence of the null hypothesis. The results from
such independent tests are combined using the meta-analytic approach. From the
review of the existing literature, these approaches using p-Values have been widely
used by evolutionary biologists to combine the results from different studies. The p-
Value method is widely used as it provides the strength of evidence in disagreement
with the null hypothesis. Studies in [9-13] have investigated on combining the p-
Values from independent tests.

Hence, this paper adopts the above-discussed method and proposes the p-Value
based approach to combine the data received from multiple branches of the CR
receiver. The proposed statistical test is more robust as it is independent of the
primary user signal. However, these tests require the noise distribution to be known
a priori. The preliminary focus of this study is to analyse the effect of meta-analysis
based approaches such as the p-Value method as receiver diversity combiner and
compare it with the existing non-coherent combining schemes, which do not need
CSI. Figure 1 gives the classification of the diversity combining algorithms. To
overcome the effect of imperfect estimation of channel state information, the p-
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Values approach based on statistical methods is the first of its kind for combining
data from diversity branches. These methods depend only on the exact significance
levels or p-Values and not on the form of the data. Hence, they are called non-
parametric or omnibus tests.
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Fig. 1. Classification of diversity combining techniques.

The challenges of reliable sensing at very low signal-to-noise ratio in a fading
environment are addressed by employing multiple sensing antennas at a CR
receiver. Hence, this study considers SIMO (Single Input, Multiple Output) models
and it is often used to reduce the impact of ionospheric fading and interference in
wireless communication. The channel is considered to be affected by Additive
White Gaussian noise (AWGN). The primary signal is considered as a sinusoidal
pilot tone. Two significant blind sensing schemes considered for calculating the
test statistic are 1) Energy detection 2) Goodness of Fit test. The efficacies of these
methods are evaluated using Monte Carlo simulations. The results show that the
proposed combining method provides detection very close to the existing non-
coherent diversity combiners.

This paper is organized as follows: Section 2 gives the overview of blind
sensing schemes for primary user detection, Section 3 discusses the proposed
method, Section 4 discusses the results and Section 5 concludes the paper.

2.System Model

Consider the scenario of Single Input Multiple Output (SIMO) system with one
transmit antenna and multiple receiver antennas. Assume that each CR contains M
antennas. The M diversity branches are assumed to be sufficiently far from each
other. Hence, this paper takes full advantage of this assumption that the received
signals are statistically independent with negligible correlation. Corresponding to
the signal received in the i antenna of the CR device the hypotheses Ho and H; are
defined as:

Journal of Engineering Science and Technology September 2018, Vol. 13(9)



2886 Deepa. N. Reddy and Y. Ravinder

Ho: xi[K]=vi[K]
Ha: xi[k]=h s[K]+Vi[k] 1)
where h is the amplitude gain of the channel, i is the antenna index (i=1, 2,..M) at
each CR, s[k] is the transmitted signal by PU and vi[k] is the AWGN noise
component.

Two scenarios considered in the study are:
Case 1: The sample sizes received from each of the i" antenna are same.
Case 2: The sample sizes received from each of the it antenna are different.
Two methods of detection of PU are detailed as follows:

2.1. Energy detection based sensing

Energy Detector (ED) is a blind sensing method with low computational and
implementation complexities. Each individual branch at the receiver is provided
with an energy detector to provide the instantaneous individual branch energy
measurements. The energy of the received signal at the i branch is ¥; and N the
sample size. The decision static ¥; is compared against a fixed threshold A.

Y; = Yz [ [K]]? @

The simple hypothesis testing problem is formulated in Eq. (3). The probability
of detection is investigated under the Neyman-Pearson (NP) criterion (using
constant false alarm rate):

H,
V=2 2 (3)
Hy

Non-coherent diversity combiners

The non-coherent combining schemes are more preferable to provide the diversity gain
when the CSI is unavailable. One such method in this category is the square law
techniques. The operation in Eq. (2) is executed using a square law device provided at
each diversity branch of the CR receiver. The signal received from each i antenna is
combined to form a better estimate of the primary user signal than using single antenna
using Square Law Selection (SLS) and Square Law Combining (SLC) [7].

e Square-law selection

The energy vectors from M diversity branches, Y1, Y2, - - -, Ym are used in SLS. The
branch with the highest energy is selected. The test statistic is given in Eq. (4):

YSlS = max(Yl, YZ'YM) (4)
e Square law combining

The energy vectors from M diversity branches, Y1, Y2, - - -, Yu are gathered and
combined in SLC to make a combined decision. The test statistic is given in Eqg. (5):
Yoac = {VilyL (5)
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2.2.Goodness of fit tests based sensing

The most well-known class of Gaussianity tests are used to determine whether a
signal's samples are normally distributed or not. These tests check for the departures
from the normal distribution. When the random variable X under consideration is
normally distributed, the null hypothesis Ho is declared [14]. The detection of the
signal embedded in noise can be done by the Goodness of Fit Test (GoFT). Itis a
blind non-parametric hypothesis testing method, which decides on the null
hypothesis if the received samples follow the noise Cumulative Distribution
Function (CDF) denoted as Fo.

Let x[k] denote the set of N discrete time vector observations k=1, 2....N. The
i component of x[k] denoted as xi[K], i=1, 2...M. The signal detection in noise is
given as a simple hypothesis testing problem in [15-17] and is expressed as

Decide on Ho: if E,(x) = Fy(x)
Decide on Hy: if E,(x) # Fy(x) (6)
where Fn(x) is the empirical CDF of the received sample.

In statistical hypothesis testing, there are two categories of errors namely 1)
False positive or type | error that occurs when Hy is rejected when it is really
true. 2) False negative or type Il error that occurs when Hgis erroneously failed
to be rejected when it is really false. The type | error rate is also called the
significance level and is usually denoted as alpha (a) and the latter is denoted
as beta (5).

In most of the studies [10-13], experimenters have used either a significance
level of 0.05 or 0.01. Lower significance levels require stronger sample evidence
to be able to reject the null hypothesis. The 0.01 level is more conservative than the
0.05 level. Hence, this study considers type 1 error in signal detection in noise with
0=0.05 and the critical values are calculated using this assumption.

The goodness of fit tests can be broadly categorised into i) Empirical Distribution
Function (EDF) Tests and ii) Tests based on descriptive measures. This paper features
two important GoFTs one from each of the above-mentioned categories.

e Empirical Distribution Function (EDF) Tests
Anderson Darling Test
Anderson Darling (AD) test is the best distance test for small samples. To test

the normality of a random sample x[k] the Anderson-Darling test statistic
formulated in [18, 19] is given as:

N
Zk_l(zk—n(m Zk—InZ(y 41— 1)

A =—-N— ”

(7
with y, = (x; — X)/S ,
¥=3"%/yand 52 =% (x, — ¥)?/(N — 1) ©)

According to D’Agostino and Stephens [20], when the mean and variance of
the sample are unknown, the adjusted AD statistic is
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2 0.75  2.25
A=A4,"1+—+—3) 9)
where zx = Fo(yx) is the assumed distribution, N denotes the sample size, In is the
natural logarithm.

The spectrum sensing problem is expressed as:
HO: AS /lcv (10)

Hl: A > icv

where A is a critical value. If the computed value of A exceeds the critical value
then Hois rejected. A table of thresholds for different values of Py is given in [14].

o Tests based on descriptive measures
Jarque and Bera test

The Jarque and Bera (JB) test is another goodness-of-fit test originally proposed
by Bowman and Shenton [21] to check for normal distribution. It uses the
skewness and kurtosis to determine whether the sample data is from a normal
distribution. The data is declared to follow a normal distribution if the JB test
statistic asymptotically has a chi-squared distribution with two degrees of
freedom [22, 23].

The JB test statistic is the combination of the squares of normalized skewness
and kurtosis and is given as follows:

N (y,—-3)?
J=5(n*+ 25 (1)
where y; is the skewness and y, is the kurtosis and N is the number of samples.
The spectrum sensing problem using JB test can be expressed as

Ho: J< Ao 12)
Hl: J > j.cv

The critical values of the JB test for different sample sizes are given in [22].
The primary user signal is declared present if the Jarque Bera test statistic is greater
than the critical value and is declared as noise otherwise.

3.Proposed Method

In data analysis, it is generally insufficient using only a single one-dimensional
summary statistic. Hence, this paper proposes a meta-analysis approach based on
p-Values to combine data from independent tests to perform the overall assessment.
The block diagram of the proposed method is given in Fig. 2. The M independent
samples xi[k] i=1, 2...M from M diversity branches of the CR receiver are tested
for normality using AD test or JB test. The test statistic is used to determine the p-
Value using the formula mentioned in Table 1 and the interpretation of the test
results are given in Table 2. The new test statistic is obtained by combining the p-
Values using the methods discussed in Section 3.2.
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Fig. 2. Block diagram of the proposed method.

Table 1. p-Value formula for Anderson Darling test as given in [20].

AD statistic p-Value formula
A>153.467 p=0
0.6 < A<153.467 p= £(1.2937-5.709+4+0.01864%)

0.34<A<0.60 p= £(0.9177-4.279+4-1.384%)
0.20<A<0.34 p=1- o (—8.318+42.796+4-59.9384%)

A<0.20 p=1- o(-13.436+101.14+4-223.734%)

Table 2. Decision table.

Method Condition Decision
Classical test  If (test statistic > critical value )  Ho is rejected
Classical test  If (test statistic < critical value)  Ho cannot be rejected
p-Value (p-Value < a) Ho is rejected
p-Value (p-Value > a) Ho cannot be rejected

3.1.Significance of p-Value

Fisher justified that the p-Value can be viewed as an index of the “strength of
evidence” against Ho, with small p indicating an unlikely hypothesis [24].

The steps involved in hypothesis testing using p-Values as specified in [24] are
given as follows:
o Define the null and alternative hypotheses.
o Determine the test statistic from the sample data.
¢ Calculate the p-Value using the value of the test statistic obtained from step 2.
¢ Fix the significance level ¢=0.05 and interprets the results using Table 2.

Thus using the p-Value the compatibility of the data with the null hypothesis is
measured but this value does not provide the probability on the correctness of the
null hypothesis.
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3.2. p-Value based diversity combiner

From the samples received from M diversity branches of the CR receiver, the test
statistics (A1,Az....Am) and its corresponding p-Values (p1,p2.....pm) are computed.
This paper adopts the following statistical methods to integrate the p-Values from
independent tests [9-13] to have an overall assessment on the detection of the
primary user signal activity.

e Fisher’s test

Fisher [25] proposed one popular method of combining the p-Values. Let p1, p2,
..., pm be the significance probabilities of the test statistic A or J in the i sample
received from each diversity branch of the CR receiver. The joint assessment of the
normality is based on the M values of the statistic. The different significance
probabilities obtained from M diversity branches are combined using Fisher's
method as given in Eq. (12).

Fr = —2111(2?4:1 i) (12)

e 7 test

Stouffer et al. [26] proposed another approach called the z test to combine these p-
Values. This method primarily converts to z values using the relation zi = F* (pj),
where F! is the inverse CDF of standard Gaussian distribution. The Z test statistic
for CR receiver equipped with M antennas is formulated as

Zr = (Z{w=1 Zi/m) (13)

¢ Weighted Z test

Mosteller and Bush [27] generalised the Z-test by giving weight w to each Z-Value.
Under the null hypothesis, Z, follows normal distribution described with
parameters x« = 0 and ¢® = X1, w;2.The weights are usually taken as the sample
sizes. The weighted z-test is defined as:

Zw = | XM, Wit (14)
{\11Wiz

Algorithm 1. p-Value based diversity combining

1. Obtain M observation samples from each of the diversity branches of the CR node.

2.LetZ;, (i=1...M) be the observation vector. Sort the observations from each branch
in ascending order.

3. Calculate the AD test or JB test statistic using Egs. (7) - (11)

4. Let A; (i = 1...M) denote the test statistic obtained for M diversity branches.

5. Using the formula given in Table 1 calculate the p-Value pi1, p2, ..., pm

6. The p values are combined using Egs. (12 to 14) to obtain the new decision statistic.

7.Reject null hypothesis if the new decision statistic is less than the predefined
significance level.
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4.Results and Discussion
4.1. Monte Carlo simulations

The performance analysis of spectrum sensing using receiver diversity in a CR
environment are carried out using 1) Energy detection and 2) Goodness of Fit Test.
The detection probability is used as a standard of measurement to determine the
sensing accuracy. The following assumptions are made in the simulations.

e The system model has Single Input Multiple Output.

e The primary transmitter signal is a sinusoidal pilot signal of known frequency.
o Additive White Gaussian Noise with z = 0 and ¢ = 1.

o The significance level (type I error) is set to a = 0.05.

e The test statistic and hence, the p-Values are independent as they are calculated
from samples received from different diversity branches, which have a
negligible correlation.

e Sample sizes in the study:

Scenario 1: The sample size received from each of the i antenna is held
constant, i.e., 100 samples.

Scenario 2: The sample size received from each of the i""antenna is varied, the
sample sizes are taken as 10, 50, 240 samples.

In Fig. 3 probability of detection vs. SNR using the square-law techniques
for N = 100 samples, M = 3 and Ps = 0.05 under scenario 1 are studied. As
evident from the Eqs. (4, 5), the SLC method of diversity combining
outperforms SLS. This is supported by the simulation results presented in Fig.
3. The Fisher’s method, Z test and the weighted Z test are investigated as
diversity combiners in the context of spectrum sensing. The detection
probability using the above-mentioned diversity combiners are studied using
AD test and JB test in Figs. 4 and 5 respectively for sample lengths considered
in scenarios 1 and 2. Detection probability is used as a metric to evaluate the
performance of the earlier mentioned tests as diversity combiners.

Simulation Results using Non Coherent Diversity Combining with Constant Sample Lengths
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Fig. 3. Probability of detection vs. SNR for sinusoidal pilot
signal for N = 100 samples, M = 3 and Ps=0.05 under scenario 1.
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From Figs. 4 and 5, the following observations are made:

e It is observed that the AD test shows a higher probability of detection

compared to the JB test.

e The weighted Z test performs better than the Z test and Fisher's test in both AD
and JB test studies for case 2, i.e., when the numbers of individuals in a sample
are different. It provides detection very close to the existing square law

combiners.

e When the sample sizes are equal, the performance of the weighted Z test and Z

test is identical.

e In the low SNR regimes, the weighted Z test works as a better diversity
combiner compared to the other two methods as it provides a higher probability

of detection.

Diversity Combining Using p Values from Anderson Darling Test with Constant Sample Lengths
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Diversity Combining Using p Values from Anderson Darling Test with Varied Sample Lengths
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Fig. 4. Probability of detection vs. SNR of the proposed method
using AD test with sinusoidal pilot signal, M = 3 and & = 0.05, # = 0.
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Diversity Combining Using p Values from Jarque Bera Test with Constant Sample Lengths
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Diversity Combining Using p Values from Jarque Bera Test with Varied Sample Lengths
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Fig. 5. Probability of detection vs. SNR of the proposed method
using JB test with sinusoidal pilot signal, M = 3 and & = 0.05, u = 0.

Table 3 gives the tabulation of p-Values, Fisher’s test, weighted Z test and Z
test statistic for scenario 1 and scenario 2 for M=3. The p-Values from M diversity
branches are combined using Egs. (12-14) to obtain the Fr, Zrand Z test statistic.

From Fig. 6 and the tabulation, the following can be inferred.

o As the number of samples used for hypothesis testing grows, it yields smaller
p-Values hence, increases the probability of detection of the primary user.

As the mean of the random noise increases, the power of the combined test statistic also
grows [13]. From the scatter plot in Fig. 7, it can be inferred that as the SNR increases
there isa linear decrease in the p-Value, which helps in validating the decision of rejection
of null hypothesis as the SNR increases (or decision on the presence of the PU signal).

Table 3. Comparison of the p-Value combining
techniques for M = 3 receiver diversity for SNR of -20 dB.

p-Value from M

Sample Fisher’s diversity
Study length # Ztest  Wz-test test branches
pr_ p2  ps
Scenario 1 100 0 -0.5915 -0.5915 -1.0255 0.96 0.44 0.26
100 1 0.0106 0.0106 -0.8040 059 054 0.35
Scenario 2 100 0 -0.5852 0.1667 -0.9826 054 098 0.10
100 1 -0.0399 1.2971 -0.9614  0.67 0.88 0.05
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Effect of Number of samples on hypothesis testing using Jarque Bera Test
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Fig. 6. Effect of number on samples on
probability of detection for M = 3, using weighted Z-test.
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Fig. 7. Scatter plot of SNR vs. p-Value
for M = 3, @=0.05, N = 100 and sinusoidal pilot signal.

5. Conclusions

A novel meta-analytic approach to combine the data received from multiple
diversity branches of the CR receiver is proposed. A ballpark figure of the merits
of these diversity combining methods are provided in this study. Results show that
AD test shows superior performance compared to JB test. The weighted Z test using
the AD statistic is preferable compared to other methods as it shows superior
detection compared to the Z test and Fisher’s test even when the samples received
from each antenna is varied. Also, the algorithm proposed improves the detection
of the PU in low SNR regimes. Through extensive Monte Carlo simulations, it is
shown that the Weighted Z test using the Anderson Darling test statistic provides
primary user detection very close to the existing non-coherent diversity combiners.
It is also observed that the probability of detection obtained with the proposed
method is higher than the functional requirements of obtaining a detection
probability of 0.9 as specified in the cognitive radio IEEE 802.22 Wireless Regional
Area Network (WRAN) Standard [28]. Hence, this novel statistical approach based
on p-Values provides a promising solution to combine the test statistics from
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multiple receiver antennas. Furthermore, this study can be further extended to

dete

ction when the p-Values of individual diversity branches are correlated.

Nomenclatures

A Anderson Darling test statistic
h Amplitude gain of the channel
Ho Null hypothesis

Hi Alternate hypothesis

J Jarque Bera test statistic
k Sample index

M Number of antennas in each CR
N Sample size

Pq Probability of detection
Pt Probability of false alarm
s[K] Transmitted signal

V[K] Noise component

X[K] Received signal

Y Energy measurement
Greek Symbols

o Type | error rate

B Type Il error rate

71 Measure of skewness

72 Measure of kurtosis

A Fixed Threshold

Aev Critical Value

u Mean

@ Variance

Abbreviations

Csl Channel State Information
SIMO Single Input Multiple Output
SNR Signal to Noise Ratio

Antenna index
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