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Background
- Concept of Spectrum hole

The underutilization of spectrum opens up the opportunity to
identify and exploit spectrum holes using Opportunistic
Spectrum Access (OSA)
Spectrum hole: A band of frequencies assigned to a PU,but
at a particular time and specific geographic location, the band
is not being utilized by that user [Haykin 2005].

A promising mechanism to improve the spectrum utilization
by exploiting the spectrum holes is based on the
COGNITIVE RADIO technology.
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Background
- Related work

Based on the local observations at the CR, many spectrum sensing
methods have been proposed :

1 Match-Filter Detection(Optimal Method)

Assumption: Transmitted PU signal is Completely known
CR needs Dedicated receiver for every PU

2 Parametric Hypothesis Testing

Assumption : Some known pattern exist in signal
Cyclostationary feature detection, Waveform based sensing etc.

3 Non-parametric: Realistic situation

The knowledge of primary users is limited and incomplete
If assumption about parameter related to the know pattern is
invalid or not accurate,than, the performance will deteriorate
fast

Institute of Technology, NIRMA University, Gujarat, India Nonparametric Spectrum Sensing in CR 4/24



Background
- Related work

Based on the local observations at the CR, many spectrum sensing
methods have been proposed :

1 Match-Filter Detection(Optimal Method)

Assumption: Transmitted PU signal is Completely known
CR needs Dedicated receiver for every PU

2 Parametric Hypothesis Testing

Assumption : Some known pattern exist in signal
Cyclostationary feature detection, Waveform based sensing etc.

3 Non-parametric: Realistic situation

The knowledge of primary users is limited and incomplete
If assumption about parameter related to the know pattern is
invalid or not accurate,than, the performance will deteriorate
fast

Institute of Technology, NIRMA University, Gujarat, India Nonparametric Spectrum Sensing in CR 4/24



Background
- Related work

Based on the local observations at the CR, many spectrum sensing
methods have been proposed :

1 Match-Filter Detection(Optimal Method)

Assumption: Transmitted PU signal is Completely known
CR needs Dedicated receiver for every PU

2 Parametric Hypothesis Testing

Assumption : Some known pattern exist in signal
Cyclostationary feature detection, Waveform based sensing etc.

3 Non-parametric: Realistic situation

The knowledge of primary users is limited and incomplete
If assumption about parameter related to the know pattern is
invalid or not accurate,than, the performance will deteriorate
fast

Institute of Technology, NIRMA University, Gujarat, India Nonparametric Spectrum Sensing in CR 4/24



Background
- Related work

Based on the local observations at the CR, many spectrum sensing
methods have been proposed :

1 Match-Filter Detection(Optimal Method)

Assumption: Transmitted PU signal is Completely known
CR needs Dedicated receiver for every PU

2 Parametric Hypothesis Testing

Assumption : Some known pattern exist in signal
Cyclostationary feature detection, Waveform based sensing etc.

3 Non-parametric: Realistic situation

The knowledge of primary users is limited and incomplete
If assumption about parameter related to the know pattern is
invalid or not accurate,than, the performance will deteriorate
fast

Institute of Technology, NIRMA University, Gujarat, India Nonparametric Spectrum Sensing in CR 4/24



Background
- Related work : Nonparametric Spectrum Sensing methods

1 Energy Detection

On the energy detection of unknown signals over fading
channels, IEEE Trans. Commun. [F. F. Digham-2007]

2 Goodness of fit (GoF) based spectrum sensing

Spectrum sensing in cognitive radio using goodness of fit
testing, IEEE Trans. Wireless Commun.,[H. Wang-2009]

Fast and robust spectrum sensing via kolmogorov-smirnov test,
IEEE Trans. Commun [Y. C. Liang-2010]
Robust spectrum sensing for cognitive radio based on statistical
tests, ACM 4th Int. Conf. Cognitive Radio [K. Arshad-2011].

3 Ordered statistic based spectrum sensing

Order Statistic Based Spectrum Sensing for Cognitive
Radio,IEEE Comm. Letters [K. Arshad-2012]

Institute of Technology, NIRMA University, Gujarat, India Nonparametric Spectrum Sensing in CR 5/24



Background
- Related work : Nonparametric Spectrum Sensing methods

1 Energy Detection

On the energy detection of unknown signals over fading
channels, IEEE Trans. Commun. [F. F. Digham-2007]

2 Goodness of fit (GoF) based spectrum sensing

Spectrum sensing in cognitive radio using goodness of fit
testing, IEEE Trans. Wireless Commun.,[H. Wang-2009]

Fast and robust spectrum sensing via kolmogorov-smirnov test,
IEEE Trans. Commun [Y. C. Liang-2010]
Robust spectrum sensing for cognitive radio based on statistical
tests, ACM 4th Int. Conf. Cognitive Radio [K. Arshad-2011].

3 Ordered statistic based spectrum sensing

Order Statistic Based Spectrum Sensing for Cognitive
Radio,IEEE Comm. Letters [K. Arshad-2012]

Institute of Technology, NIRMA University, Gujarat, India Nonparametric Spectrum Sensing in CR 5/24



Background
- Related work : Nonparametric Spectrum Sensing methods

1 Energy Detection

On the energy detection of unknown signals over fading
channels, IEEE Trans. Commun. [F. F. Digham-2007]

2 Goodness of fit (GoF) based spectrum sensing

Spectrum sensing in cognitive radio using goodness of fit
testing, IEEE Trans. Wireless Commun.,[H. Wang-2009]

Fast and robust spectrum sensing via kolmogorov-smirnov test,
IEEE Trans. Commun [Y. C. Liang-2010]
Robust spectrum sensing for cognitive radio based on statistical
tests, ACM 4th Int. Conf. Cognitive Radio [K. Arshad-2011].

3 Ordered statistic based spectrum sensing

Order Statistic Based Spectrum Sensing for Cognitive
Radio,IEEE Comm. Letters [K. Arshad-2012]

Institute of Technology, NIRMA University, Gujarat, India Nonparametric Spectrum Sensing in CR 5/24



Background
- Related work : Nonparametric Spectrum Sensing methods

1 Energy Detection

On the energy detection of unknown signals over fading
channels, IEEE Trans. Commun. [F. F. Digham-2007]

2 Goodness of fit (GoF) based spectrum sensing

Spectrum sensing in cognitive radio using goodness of fit
testing, IEEE Trans. Wireless Commun.,[H. Wang-2009]

Fast and robust spectrum sensing via kolmogorov-smirnov test,
IEEE Trans. Commun [Y. C. Liang-2010]
Robust spectrum sensing for cognitive radio based on statistical
tests, ACM 4th Int. Conf. Cognitive Radio [K. Arshad-2011].

3 Ordered statistic based spectrum sensing

Order Statistic Based Spectrum Sensing for Cognitive
Radio,IEEE Comm. Letters [K. Arshad-2012]

Institute of Technology, NIRMA University, Gujarat, India Nonparametric Spectrum Sensing in CR 5/24



Background
- Related work : Nonparametric Spectrum Sensing methods

1 Energy Detection

On the energy detection of unknown signals over fading
channels, IEEE Trans. Commun. [F. F. Digham-2007]

2 Goodness of fit (GoF) based spectrum sensing

Spectrum sensing in cognitive radio using goodness of fit
testing, IEEE Trans. Wireless Commun.,[H. Wang-2009]

Fast and robust spectrum sensing via kolmogorov-smirnov test,
IEEE Trans. Commun [Y. C. Liang-2010]
Robust spectrum sensing for cognitive radio based on statistical
tests, ACM 4th Int. Conf. Cognitive Radio [K. Arshad-2011].

3 Ordered statistic based spectrum sensing

Order Statistic Based Spectrum Sensing for Cognitive
Radio,IEEE Comm. Letters [K. Arshad-2012]

Institute of Technology, NIRMA University, Gujarat, India Nonparametric Spectrum Sensing in CR 5/24



Background
- GoF statistical test

Objective 1: To measure the discrepancy between FY (y) and
F0(y)

Objective 2: Compute the Test Statistics and compare it
with critical value

Objective 3: Take decision on null hypothesis

Different Goodness-of-fit tests are proposed in literature of
mathematical statistics:

1 The Cramer-von Mises test

2 The Anderson Darling test

3 Kolmogorov-Smirnov test

4 The Shapiro-Wilk test

5 Watson test

6 Student’s t-test
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Background
- What is Censoring?

In statistics, engineering, economics, and medical research,
censoring occurs when the value of a measurement or
observation is only partially known.

If some observations X1,X2, ....Xn of a random sample are
missing, the sample is said to be censored.

Censoring is when an observation is incomplete due to some
random cause. The cause of the censoring must be
independent of the event of interest if we are to use standard
methods of analysis.

Examples of censored data: Survival Analysis
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Background
- What is Censoring?..Example

Lung cancer patients are recruited to a study to test the effect of a
drug on their survival from lung cancer:

1 Person-A : takes part in the study until her death at time TA.
Her survival time is uncensored.

2 Person-B : takes part in the study until time TB. He then
leaves the study. His survival time is censored: we know it is
at least TB but we don’t know it precisely.

3 Person-C: takes part in the study until time TC . She then is
hit by a car and dies. Her survival time with regard to the
event of interest, namely death through lung cancer, is also
censored: we know it is at least TC
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Background
- Types of Censoring

1 Left censoring: If all observations less than X(s) are missing,
the sample is left-censored.

2 Right censoring: If all observations greater than X(r) are
missing, the sample is right-censored. In either case, sample is
said to be singly censored. It is most common form of
censoring.

3 Doubly-censoring: If observations are missing at both ends,
the sample is doubly-censored.

4 Type-1 censoring: Censoring may occur for random values of
s or r than it is called as Type-1 censoring.

5 Type-2 censoring: Censoring may occur for fixed value than
it is called as Type-2 censoring.

Example : Lifetime Measurements Xi of equipment
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Background
-Types of Censoring-Example :Lifetime Measurements Xi of equipment

Example : Lifetime Measurements Xi of equipment

If the experiment is continued for a fixed time t, the number
of items which fail in that time would be random variable and
the censoring would be Type-1 censoring.

If the experiment is continued until 20 items have failed, then
r is a fixed at 20 and we have Type-2 censoring.

We have used concept of Type-2 Right Censoring for
developing new spectrum sensing method
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Motivation
- Why Censoring in CR?

Following are the key reasons to utilize the concept of censoring in
Cognitive radio based spectrum sensing methods :

1 For reducing an error at low SNR, Lower number of
observations:

All types of GoF based sensing methods which are proposed in
literature so far, have used all observations to determine ECDF.

However, the distance of the CDF and ECDF is higher
especially at the right tail due to less number of observations.

This incomplete information of CDF on the right tail
introduces an error in determining statistics in AD sensing,
especially at low SNR.

2 Processing Complexity can be reduced because of utilization
of less number of observations.

Institute of Technology, NIRMA University, Gujarat, India Nonparametric Spectrum Sensing in CR 11/24



Motivation
- Why Censoring in CR?

Following are the key reasons to utilize the concept of censoring in
Cognitive radio based spectrum sensing methods :

1 For reducing an error at low SNR, Lower number of
observations:

All types of GoF based sensing methods which are proposed in
literature so far, have used all observations to determine ECDF.

However, the distance of the CDF and ECDF is higher
especially at the right tail due to less number of observations.

This incomplete information of CDF on the right tail
introduces an error in determining statistics in AD sensing,
especially at low SNR.

2 Processing Complexity can be reduced because of utilization
of less number of observations.

Institute of Technology, NIRMA University, Gujarat, India Nonparametric Spectrum Sensing in CR 11/24



Motivation
- Why Censoring in CR?

Following are the key reasons to utilize the concept of censoring in
Cognitive radio based spectrum sensing methods :

1 For reducing an error at low SNR, Lower number of
observations:

All types of GoF based sensing methods which are proposed in
literature so far, have used all observations to determine ECDF.

However, the distance of the CDF and ECDF is higher
especially at the right tail due to less number of observations.

This incomplete information of CDF on the right tail
introduces an error in determining statistics in AD sensing,
especially at low SNR.

2 Processing Complexity can be reduced because of utilization
of less number of observations.

Institute of Technology, NIRMA University, Gujarat, India Nonparametric Spectrum Sensing in CR 11/24



Motivation
- Why Censoring in CR?

Following are the key reasons to utilize the concept of censoring in
Cognitive radio based spectrum sensing methods :

1 For reducing an error at low SNR, Lower number of
observations:

All types of GoF based sensing methods which are proposed in
literature so far, have used all observations to determine ECDF.

However, the distance of the CDF and ECDF is higher
especially at the right tail due to less number of observations.

This incomplete information of CDF on the right tail
introduces an error in determining statistics in AD sensing,
especially at low SNR.

2 Processing Complexity can be reduced because of utilization
of less number of observations.

Institute of Technology, NIRMA University, Gujarat, India Nonparametric Spectrum Sensing in CR 11/24



Problem formulation

1 Let Y = {Yi}ni=1 , denotes n observations made locally at SU
(CR), n − r observations are censored where r is some fixed
value and r < n

2 Empirical Distribution :

FY (y) = |{i : Yi ≤ y , 1 ≤ i ≤ n}|/n

Where, FY (y) : Empirical distribution Function

3 Binary Hypothesis Problem:

H0 : Null − Hypothesis(F0(y))

H1 : Alternate − Hypothesis(F1(y))

4 Sensing is based on testing of H0 : Accepted or Rejected i.e
FY (y) ⇒ F0(y) · · · ??

Here, We have used Type-2 right censoring: As shown in next
figure
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Problem formulation
- Type-2 right censoring

Now, we retain first r observations and drop or censor the last
n − r observations as shown in Figure.

Hence, xr is the highest valued observation.

This method of censoring n − r highest valued observations is
known as right censoring with Type-2.
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System Model

Constraints : Quasi static fading channel

The local observations at the cognitive when there is signal
transmission radio can represented by Model,

Yi =
√
ρhs + Wi , i = 1, 2, 3...n

Where,
h :The fading factor (Quasi-static rayleigh fading)

s :The transmitted signal (s = 1)

Wi :The Gaussian noise with zero mean and unit
variance

ρ :The Received SNR
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System Model (Cont.)

When there is no PU signal transmission,

H0 : Yi = Wi

and

F0(y) =
1√
2π

∫ y

−∞
e
−x2

2 dx

When there is PU signal transmission,

Yi =
√
ρhs + Wi , i = 1, 2, 3...n

and

F1(y) =
1√
2π

∫ y

−∞
e
−(x−√ρhs)2

2 dx
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Censored Anderson Darling (CAD) algorithm
- Modified AD Test for Censored data

For CAD sensing, we use modified Cramer-von Mises GoF
statistic to measure distance between FX (x) and F0(x).

Based on the asymptotic distribution of censored
observations, statistic can be expressed as,

q,pA
2
n = n

∫ p

q

(Fn(x)− F0(x))2

F0(x)(1− F0(x))
dF0(x), 0 ≤ q < p ≤ 1,

where p denotes censoring ratio which can be expressed as

p = lim
n→∞

r

n
.

Here, we take q = 0. In this case, statistic can be written as,

pA
2
n = n

∫ p

0

(Fn(x)− F0(x))2

F0(x)(1− F0(x))
dF0(x)
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Censored Anderson Darling (CAD) algorithm
- Step 1 to 5

1 Step:1 Find the threshold λ for a given probability of false
alarm Pf using,

α = P{ pA
2
n > λ|H0}

2 Step:2 Sorting all the observations in ascending order, we get

x1 ≤ x2 ≤ ·· ≤ xr ≤ xr+1 ≤ ·· ≤ xn,

where xr+1 ≤ xr+2 · · ≤ xn observations are censored.
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Censored Anderson Darling (CAD) algorithm
- Step 1 to 5

3 Step:3 Calculate the required test statistic pA
2
n for the

observations x1 ≤ x2 ≤ ·· ≤ xr defined as,

pA
2
n = −1

n

r∑
i=1

(2i − 1)(lnzi − ln(1− zi ))− 2
r∑

i=1

ln(1− zi )

− 1

n
[(r − n)2ln(1− zr )− r2lnzr + n2zr ],

where zi = F0(yi ).

4 Step:4 If pA
2
n > λ, then reject null hypothesis H0.

5 Step:5 Compute performance metric as Probability of
Detection (Pd) with a given value of Pf .
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Simulation Results
- Metrics used to measure the performance of spectrum sensing

In statistical term, Pf (Probability of False Alarm) corresponds
to type I error and 1- Pd (Probability of Miss Detection) is
type II error

The probability of detection is defined as:

Pd = P(= > λ|H1)

The probability of false alarm is defined as:

Pf = P(= > λ|H0)

The plot of Pd against Pf is called Receiver Operating
Characteristic (ROC curve).
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Simulation Results
-Simulation Results-1
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Major Work Contribution
-Simulation Results-2
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Major Work Contribution
-Simulation Results-3
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Conclusion

1 Opportunistic spectrum access is required compared to
fixed assignment policy:

Adaptiveness and OSA supported by: Cognitive Radio

2 AD Sensing [H Wang,2009]: Spectrum Sensing as GoF
Testing problem

Easy computation and effective for higher number of samples
Better than ED and OS sensing at lower SNR

3 OS sensing [K.Arshad,2012] :
Performs better than AD and ED sensing at higher number of
samples N > 25 under AWGN channel only

4 CAD sensing:
The better detection performance is obtained using CAD
sensing algorithm in comparison with AD, ED and OS sensing
at lower SNR and observations
OS sensing performs poor under Quasi-static fading channel at
low number of observations.
At Low SNR (Below -4dB), OS sensing performs better than
ED.
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Thank you
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