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Abstract— Spectrum resources are limited due to the fast developing technology in
wireless communications. Various techniques, for instance, tackled this problem by
giving permissions to unlicensed users to utilize the various licensed bands. Spectrum
sensing is one of the most utilized technique in cognitive radio system, which has a
reliable technique called energy detection. It has reduced the computational and
complexities of usage. In order to differentiate between the primary and secondary
users in low signal-to-noise ratio (SNR), noise interference is eliminated using de-
noising filters. In this paper, a new energy detection technique for spectrum sensing is
developed. Besides that, a comparison between common de-noising filters is
introduced, which are Recursive Least Square (RLS), 1-D and 2-D wavelet de-noising
filters. The performance of the wavelet packet transform algorithm is analyzed under
many Signal to Noise Ratios, different number of samples, probability of false alarm
levels, and number of samples. Moreover, the technique is analyzed for different level
of decomposition and different wavelet families. Simulation results revealed that
utilizing RLS de-noising filter outperforms the technique used by wavelet de-noising
filters under all analyzed circumstances.

Keywords— Cognitive radio (CR), Compressive Sensing, De-noising filters, Genetic
Algorithm (GA), Spectrum sensing (SS)

1. INTRODUCTION

A huge demand on high wireless communications with high data rates over spectrum-
based communications is increasing every day. Utilization of the specified frequency
spectrum and unlicensed bands should be implemented without making any interference.
Cognitive radio system appeared to be anew reliable technique to utilize the unlicensed
frequency bands and this is done by Spectrum Sensing (SS). SS permit the Secondary Users
(SU) an access to these free bands without making an interference with the Primary Users
(PU).

Because of ED’s low computational and implementation difficulties, it is the most widely
used technique for spectrum sensing as mentioned in [1]. The drawback of energy detection

Received:
Reviewed:
Accepted:

ISSN: 2207-6360 IJAST
Copyright © 2019 NADIA




International Journal of Advanced Science and Technology
Vol.127 (2019)

technique application is, when noise is higher than certain limit, the performance of the
energy detector will ebb dramatically as mentioned in [2].

Moreover, De-noising filters which use Recursive Lease Square (RLS) and Wavelet as a
de-noising filters are utilized to increase SNR of the received signal. Simulation results
show that utilization of de-noising filters are significantly enhanced besides the
enhancement of the Receiver Operating Characteristics (ROC) curves of the CR system.
This paper is organized as follows. In section 2, the block diagram of energy detector is
description of its components and functions are introduced. The de-noising filters are
described in section 3. The proposed spectrum sensing technique is introduced in section 4.
Finally, simulation results are discussed in section 5.

2. SPECTRUM SENSING AND ENERGY DETECTOR

This part introduces a brief background on ED. To begin, a primary signal is considered
as s(n). The primary signal has a carrier frequency f. with a bandwidth of B,, Hz, which
can be detected by a secondary users’ receiver. Then, the signal received at the receiver can
be expressed as in [15]:

Ygp (n) = X(n) + Up () M)

where X(n) denotes the detected signal, U, (n) is the Additive White Gaussian Noise
(AWGN). AWGN has a mean of p,, = 0 and variance o2, and n is the sample index. The
primary user is detected between a two hypotheses. The first hypothesis assumes that there
is no primary user and denoted as H,, while the other hypothesis which assumes that the
primary user is actually exist is denoted as H;.

The two mathematical hypotheses are expressed in the following equations:

Hy: Ygp (n) =U(n) (2)
H; : Yep (n) = X(n) + Up(n) 3)

Energy in primary signal is measured through ED. The differentiation between the above
two hypotheses is calculated through a decision metric equation expressed as:

D) =+ X _ Ve @

By assuming t to be sensing time and N is a total number of samples, the relation between
them is expressed by the following equation:

N = tf; 5)

The decision metric D(y) is a random variable which has a Probability Density Function
(PDF). For a large number of samples N according to [4], usually N > 250, a Gaussian
approximation is used to the PDF of test statistics D(y) under either hypothesis: Ho noise
alone, or H; signal with noise. This is done by using Central Limit Theorem (CLT) [3].

The probability of an algorithm correctly detects the presence of a primary signal is
called probability of detection (P;), and the probability of an algorithm falsely declares the
presence of a primary signal is called probability of false alarm (P;) under hypothesis H;
and H, respectively [4]. The probability of false alarm is given by:

Prlerm ™) = Q ((— 1) ﬁ) (6)

oy
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According to [9], Probability of detection can be approximated by:

Pa(€ry,T) = Q ((— ~y-1) %) (7)

where Q(+) is the complementary distribution function of the standard Gaussian, according
to [5]i.e.,

Q@) == exp (-5) at ®)
v=3 ©

where ¢ is signal variance and y is SNR. The probability of missed detection can be written
as:

Pmdzl_Pd (10)

From equation (6), detection threshold € is related to the probability of false alarm as
follows [9]:

Q'(Pp)

As shown in Fig. 1, the energy detector is divided into three parts. The first part is the
noise pre-filter which is used to limit noise bandwidth. The second part is squaring device
which is used to calculate the energy of the filtered signal. Finally, the third part is an
integrator which determines the energy of the filtered received signal over the sensing time
interval . The integrator output is considered to be the test statistic of the two hypothesis
H, and H;.

Noise pre-filter Squaring Device Integrator
Input Noise 2 Output
—p Lyl () Lyl f dt |
pre-filter

Fig. 1 Energy Detector Simplified Model [9].

3. DE-NOISING FILTERS

In this section, two powerful de-noising filters are briefly introduced to reduce the effect
of the noise on the received signal. A modified energy detection technique for spectrum
sensing is introduced. The proposed technique is based on adding two de-noising filters
which are Recursive Least Square (RLS) and wavelet filter. Both of the two filter are added
separately to the energy detector after the noise pre-filter.
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A. Recursive Least Square Filter

One of the most popular adaptive filters which are widely used recently is Recursive
Least Square (RLS) filter. Its frequency response is adjustable to enhance its performance
according to some criterion. Because of this advantage, RLS can adapt and change its
coefficients. RLS filter has two operation phases: the first phase is a digital filter with
coefficients which are adjustable. The second operation phase is the adaptive algorithm,
which has the ability to modify filter coefficients [12, 13]. RLS can be briefly modeled as in
Fig. 2 [12].

Signal \ y(n) .‘Er‘gnnHﬂm'FE] J;@_g{%igmi]

source | _}‘ﬂ
/
/ -
/
; /
; .
Noise ' u(n)(noise) Adaptive
F -
source filter ii(n)
(noise)
[

Fig. 2 RLS Filter Model [12]
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Response

o

Fig. 3 RLS filter Simulink Model [6]

From Fig. 2, two input signals Yzp(n) and U, (n) are applied simultaneously to an
adaptive filter where, Y;p(n) is a contaminated signal containing both uncorrelated desired
signal s(n) and noise u(n). The main objective of the adaptive algorithm is to produce an
optimum estimation of noise i(n)in the contaminated signal. This can be achieved by using
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a suitable adaptive algorithm to minimize noise [13]. A simple equation of the RLS filter
can be expressed in [12] as:

ER(n) =Yerp(m)-U(n) =X(n) +U(n) - U (12)

Where ER(n) is the Error Signal, which has two purposes; the first one is to estimate the
desired signal and the second is to adjust filter coefficients.
The disadvantage of implementing RLS algorithm is usually associated with high
computational complexity and poor numerical properties as mentioned in [5].

B. Wavelet De-Noising Filter

Wavelet is defined as wave-like oscillation with amplitude starts out at zero, increase,
and then decreases back to zero. Regression model is utilized in order to recover the
underlying function from the noisy signal statistically. This method is called Wavelet de-
noising by Thresholding [11]. Suppose that there is a number of n noisy samples of a
function s.

Yepi = X(t)+ aU(m), i = 1...n (13)

where Ygp; is the noisy data, Yep; = (Yep1,--., Yepn), and U(n) is AWGN, N (0,02) and
the noise level ¢ is unknown according to [17]. The main goal is to recover function s from
the noisy data y; that satisfies the following equation from [17]:

§ = min||3 — s]| (14)
S

where § = §(Ygp;). The thresholding of the wavelet coefficients is usually applied only to
the detail coefficients of y rather than the approximation coefficients. Because the
approximation coefficients always contain the most important components of the signal, and
are less affected by noise. Thresholding will set significant coefficients, whose values will
be below a certain threshold level A, to zero [17].
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Fig. 4 Wavelet implementation in FPGA as mentioned in [6]

C. Comparison of Performance Parameters Between RLS and Wavelet De-Noising
Filters

Form the analysis of the paper in [7], is concluded that for real time de-noising operation
(for example, live broadcasting of speech) of voice signal DWT is preferable (from CPU
time).But for non-real time case (for example, de-noising of an old song from a gramophone)
RLS is preferable for precise de-noising (from mean square error) as shown in Table 1.

Table 1. Comparison of performance parameters between RLS and Wavelet de-noising

filters [6].
Parameters Wavelet RLS
Mean Error 0.0339 0.0247
Maximum Error | 0.5608 0.8661
Variance 0.0043 0.0083
CPU time 0.9844 28.1719
Practical Complex Simple
Implementation

4. PROPOSED SPECTRUM SENSING TECHNIQUE

In this section, an efficient spectrum sensing technique based on de-noising filters is
introduced. Fig. 5 shows the block diagram of the proposed technique.
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Noise pre-filter ~ De-noising filter Squaring device  Integrator
Input | Noise pre- De-noising 2 Output
— e [ fhe [ O UT|de >

Fig. 5 Block diagram of the proposed spectrum sensing technique.

First the input signal is passed through a noise pre-filter. Then the signal is applied to
Noise pre-filter. De-noising filter will minimize the added noise of the received signal which
leads achieving SNR gain and variance reduction. Hence, the detection threshold will be
enhanced dramatically which leads to an improvement with the ROC curves of the energy
detector. Enhancing ROC curves is because of the increment in probability of
detection Pzand the decrement in probability of false alarm Py and probability of missed

detection P,,4.

5. SIMULATION RESULTS

In this section, a performance comparison between the proposed spectrum sensing
technique and the traditional energy detector is presented. Simulations are performed using
MATLAB R2014a. A frame of 8 bits is sent using BPSK modulation with bandwidth
of 2 MHz. AWGN is added to a modulated signal. In order to compare the results, SNR
should be in the range of -10 dB to 0 dB. Meyer wavelet family is used in the wavelet filter
with two-stage wavelet packet decomposition. A comparison is made in the last case
between different wavelet families Analysis.

Case A: Performance analysis of the proposed algorithm.

In this part, both RLS and wavelet De-noising filters are applied on the received signal.
The number of samples N is 500. The Py is taken at 0.01. The result is shown in Fig. 6, Fig.
7 and Fig. 8.
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P, values are taken and compared. SNR varies from -10 dB to 0 dB. After analysis, it is
found that P,of utilizing RLS de-noising filter outperforms utilization of wavelet de-noising

filter.

Case B: The effect of varying level of Decomposition.

The level of decomposition is varied from two to three. Other parameters are not changed.
The results are shown in Fig. 9 and Fig. 10.
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Fig. 10 Comparison between the probability of false alarm and probability of detection

Analysis: The decision threshold and probability of detection P,; are considered and
compared. The values are taken for different SNRs and Dmey wavelet family is chosen.
does not change with the increase in the

After comparison, it is found that P,
decomposition level. Besides that, RLS de-noising filter still outperforms the wavelet three-
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level decomposition de-noising filter.

Case C: Effect of Varying Number of Samples.

The number of samples is varied into 250,500 and 1000. Py is chosen to be 0.01. Py is
calculated for each case and compared to both SNR and P;. The results are shown on Fig.

11 through Fig. 16.
First: choose N=250 samples
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Fig. 11 Comparison between the probability of detection and SNR for N=250 samples
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Fig. 12 Comparison between the probability of false alarm and probability of detection for
N=250 samples

Second: choose N=500 samples, i.e. number of samples is doubled.
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N=500 samples.

Third: choose N=1000 samples, the number of samples is doubled again.
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Analysis: The P, values are taken and compared. The values are taken at SNR varying
from -10 dB to 0 dB and Dmey wavelet family is chosen. After comparison, it is found that
P, increased when the number of samples increased. Again, RLS de-noising filter still
outperforms the wavelet de-noising filter.

Case D: Effect of varying probability of false alarmP; = 0.001.

The number of samples is chosen 500. Wavelet decomposition level is two and Py is
changed to 0.1, 0.01 and 0.001. Dmey wavelet family is utilized for wavelet transform. The
results are shown in Fig. 17 through Fig. 21.

First choose Pr = 0.001.
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Fig. 17 Comparison between the probability of detection and SNR for P = 0.001
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Second choose P = 0.01.
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Fig. 19 Comparison between the probability of detection and SNR for P; = 0.01
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Third choose Pr =0.1.
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Fig. 21 Comparison between the probability of false alarm and probability of detection for
P =10.1
f

Analysis: The P, values are chosen and compared. The values are taken at SNR varying
from -10 dB to 0 dB. After comparison, it is found that P, increased with the degradation of
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P¢.On the other hand, the variation is very small. Thus, change in P; has a minor effect on

P,.

6. CONCLUSIONS

In this paper, efficient spectrum sensing technique based on energy detection and de-
noising filters is introduced. There has been a comparison which is introduced breifly
between the two de-noising filters. The simulation results revealed RLS de-noising filter
provides much higher performance more than both: the energy detector based on Wavelet
de-noising filter and the traditional energy detector. The comparison revealed that:

A. The energy detection algorithm based on RLS is much better than wavelet based
algorithm. Simulation results suggest that the presented algorithm is robust to
AWGN noise.

B. The probability of detection P; does not affected by the change in the level of
wavelet packet decomposition. Therefore, higher number of coefficients are
obtained at the same probability of detection by increasing the level if
decomposition. In other words, RLS de-noising filter still outperforms the increased
decomposition level of Wavelet filter.

C. The probability of detection P, increased with the increment of number of samples.
For a better PU detection, higher number of samples should be utilized for both
RLS and Wavelet de-noising techniques.

D. The probability of detection P, increased with the decrease of probability of false
alarmPy. However, the enhancement is very low comparing to the decrement in

probability of false alarm Py.
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