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Abstract: Cognitive radio (CR) is an effective technique for dealing with scarcity in spectrum
resources and enhancing overall spectrum utilization. CR attempts to enhance spectrum sensing
by detecting the primary user (PU) and allowing the secondary user (SU) to utilize the spectrum
holes. The rapid growth of CR technology increases the required standards for Spectrum Sensing
(SS) performance, especially in regions with low Signal-to-Noise Ratios (SNRs). In Cognitive
Radio Networks (CRN), SS is an essential process for detecting the available spectrum. SS is
divided into sensing time and transmission time; the more the sensing time, the higher the
detection probability) and the lower the probability of a false alarm). So, this paper proposes a
novel two-stage SS optimization model for CR systems. The proposed model consists of two
techniques: Interval Dependent De-noising (IDD) and Energy Detection (ED), which achieve
optimum sensing time, maximum throughput, lower and higher. The Simulation results
demonstrated that the proposed model decreases the, achieves a higher especially at low SNRs
ranging, and obtains the optimum sensing time, achieving maximum throughput at different
numbers of sensing samples (N) and different SNRs from -10 to -20 dB in the case of N = 1000
to 10000 samples. The proposed model achieves a throughput of 5.418 and 1.98 Bits/Sec/HZ at
an optimum sensing time of 0.5ms and 1.5ms respectively, when N increases from 10000 to
100000 samples. The proposed model yields an achievable throughput of 5.37 and 4.58
Bits/Sec/HZ at an optimum sensing time of 1.66ms and 13ms respectively. So, it enhances the SS

process than previous related techniques.

Keywords: CR, IDD, Optimization, Optimum Sensing Time, Maximum Throughput

1 Introduction

IRELESS networks and information traffic have risen at

an exponential rate over the past decade, resulting in an
overabundance of radio spectrum resources [1-2]. The radio
spectrum is a restricted resource that is governed by rules and
reputable organizations such as the United States Federal
Communications Commission (FCC). The present radio
spectrum allocation strategy assigns channels to specified
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users that have licences for certain wireless technologies and
services. Certain licenced users have access to those spectrum
sections to transmit and receive data, whereas others are not
allowed to use them even when they are vacant [3]. According
to recent research, spectrum usage in the United States ranges
from 15% to 85% under the fixed spectrum allocation (FSA)
regime [4]. According to FCC data, some channels are highly
used while others are rarely used, as seen in Fig. 1 [5].
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Fig. 1 Radio spectrum occupancy [5].
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The allocated spectrum regions are not always utilized by
their owners, resulting in spectrum gaps. A spectrum hole,
also known as white space, is a frequency band licensed to
a PU but not used at a certain time or location. As a result,
the radio spectrum is being used inefficiently [6-7]. As a
result of the scarcity and inefficiency of spectrum
management, an immediate method is required to improve
radio spectrum access and achieve high network
performance. A better technique to deal with spectrum
scarcity is to manage it dynamically by sharing vacant
channels with unlicensed users, known as Secondary Users
(SUs), without interfering with PU transmissions. To
overcome spectrum allocation issues, Opportunistic
Spectrum Access (OSA), also known as Dynamic Spectrum
Access (DSA), has been proposed. In contrast to the FSA,
the DSA permits licensed and non-licensed users to share
the spectrum, with the spectrum separated into several
bandwidths allocated to one or more devoted users [8-9]. A
CR system can learn from its surroundings, adapt to
changing situations, and make judgements to make the best
use of the radio spectrum. It enables SU to utilize the PU-
assigned radio spectrum when it is not in use, as shown in
Fig. 2[1, 3].
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Fig. 2 Dynamic spectrum access [3].

SS, spectrum sharing, spectrum mobility, and spectrum
management are the four main objectives of a CR Network.
SS scans the available spectrum for the presence of PUs.
The spectrum management function manifests itself in the
choice of the finest available channel that meets certain
targets. Spectrum sharing tries to distribute spectrum gaps
equally among SU. Spectrum mobility aims to maintain
communication while transitioning to a better spectrum
hole. Because interference with other users is forbidden, the
primary task is SS. It is used to characterize the spectrum'’s

occupancy conditions. It is often carried out in the
frequency domain. To evaluate the performance of a
spectrum sensor, two criteria are used: the sensor's
capability to reliably locate unoccupied spectrum gaps
without missing a PU and the sensor's capability to reduce
the noise effect. SS is required for spectrum optimum use.
ED is the easiest and simplest SS technique since it does
not need information about the licenced user signal and has
a short sensing time [10-11]. The frequency range under
interest is sensed by the ED approach, and tests are
performed to compare the energy obtained with a
predefined threshold to detect the existence or absence of
the PU [12]. Unfortunately, at low SNRs, the ED technique
is not robust to noise, therefore impacting CR's
performance and reliability [13-14]. Additionally, the ED
SS approach is unable to separate noise from other signals.

A novel two-stage SS model for CR systems is introduced
in this paper to overcome the problems of the single-stage
ED SS approach and determine the optimum sensing time
for achieving maximum throughput. It is formed by two
stages: the first stage consists of an IDD detector, while the
second stage consists of an ED. The IDD stage is used to
detect the PU signal in the presence of noise by
counteracting the noise effect. The proposed model
significantly retains the needed P4 and P; of the CR system
at the appropriate levels. This paper is organized as follows.
Section 2 presents a literature review regarding the SS.
Section 3 shows the proposed model and model discussion,
while Section 4 presents simulation results and related
discussion. The conclusion and future work are provided in
Section 5.

2. Related Works

The main advantage of having a multistage detector is to
combine the benefits of each detector based on the received
signal. The SNR is the initial driving characteristic for the
multistage detector. The early stages of detection are
characterized by simplicity. However, when the SNR
decreases, this simplicity reduces sensor accuracy. To attain
improved sensing accuracy, another stage is used.
Multistage SS has been widely investigated in the literature,
as summarized below. ED is a basic SS approach that
measures and compares the received signal energy to the
noise energy. As a result, the existence or absence of a
signal is announced. ED is blind concerning the required
knowledge of the signal properties. The sensing accuracy of
ED is limited at low SNR regions, as the missed detection
probability increases as the SNR decreases [15]. To
transcend the constraints of the single-stage ED approach,
multiple two-stage SS approaches were presented. These
approaches have significant advantages over their single-
stage counterparts, including increased P; and promising
performance in low SNR conditions. The advantages of
two-stage SS approaches can significantly increase CR
performance. The majority of recent research works
presume that ED is one of the adopted stages. Fast Fourier
Transform (FFT), fuzzy logic, Maximum Minimal
Eigenvalue (MME), Covariance Absolute Value (CAV),
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and waveform detection can be applied before or after the
ED in the other stage [16-23].

The author’s proposed in [16] two-stage SS approaches
for CR with adjustable thresholds that combine two-well
techniques: wavelet denoising and energy detection. An ED
approach is employed in this work to identify the
availability or existence of a PU signal in the case of a high
SNR value by comparing the energy of the received signal
with threshold values. In the case of low SNR values,
however, a wavelet denoising (WD) stage is performed
before ED to reduce the noise effect and detect the PU
signal in noisy surroundings.

The authors of [17] developed a unique collaborative SS
approach in CRN based on Estimated SNR with Adaptive
Threshold (ESNR ADT). The proposed approach estimates
SNR and selects either an ED with a fixed threshold or an
ED with an adaptive threshold to increase detection
performance at a fixed P, = 0.1. The detector is chosen
based on the estimated SNR value and the first threshold; if
the estimated SNR value is higher or equal to this threshold
then, an ED with a second threshold will be used;
otherwise, an ED with an ADT will execute sensing
operations.

In Ref. [18], a hybrid sensing model for spectrum
detection in CR is executed. The first path is
constructed from two sequential sensing stages; in the
first stage, an ED is used to identify the presence of
the PU signal when the signal has not been detected.
The presence of the PU signal is detected using a
second stage called Maximum-Minimum Eigenvalue
(MME). The second path is composed of two parallel
stage detectors employing separate ED and MME to
detect the PU signal separately. The two results are
brought together to form a decision, and the final
decision is taken using the combined results of the
two paths' detection. The suggested hybrid sensing
method, wused to improve sensing performance, is
validated using traditional techniques, but it suffers
from computational complexity.

The authors proposed an Improved-Two-Stage Detection
(improved-TSD) approach for SS in [19]. There are two
stages in the improved-TSD technique: the first stage
contains two detectors, namely an ED using a single
adaptive threshold (ED SAT) and an ED using two adaptive
thresholds (ED TAT), organized in parallel, and the second
stage contains a decision device (DD) that decides the final
decision using the OR-rule. The proposed sensing method
reduces sensing time, improves detection performance at P
= 0.1, and performs well at low SNRs.

The authors illustrated in [20] an Improved Two-stage SS
(ITSS) scheme, which consists of ED in the first stage and
Maximum Eigenvalue Detection (MED) in the second
stage. The ITSS algorithm framework includes an ED SS
technique for the first stage because its average SS time is
shorter. However, ED performs poorly in low SNR regions
as compared to other SS approaches. To detect the presence
of the PU in a specific PU channel, the ED SS approach
first computes the received PU signal energy for that

channel. If the calculated energy of the received PU signal
exceeds the ED spectrum detection technique's pre-set
threshold, the PU is considered to be occupying the channel
otherwise, the PU is considered absent and the second stage
is triggered. The second stage implements the MED
technique to deliver better results than the ED SS approach.

In [21], the authors proposed a two-stage SS process: in
the first stage (coarse sensing), ED is used to detect PU’s
signal; once the ED fails in detecting proceed to the second
stage (fine sensing), where eigenvalues detection approach
is performed. In this study, several eigenvalue methods
performed well in the fine sensing stage. Furthermore,
simulation results validate that this process leads to better
detection performance than single stage ED at low SNR
values and lower computational complexity than single
stage eigenvalues detection.

Two-stage SS is proposed using ED as the coarse stage
and Renyi entropy-based detection as the fine stage in [22]
to enhance the performance of single-stage detection
methods and to mitigate noise uncertainty. Tsallis, Kapur,
Shannon, and Renyi entropy-based detection have been
used, and their performances are compared to select the best
performer. Although the performance comparison is
executed among conventional ED, entropy-based detection,
and the proposed two-stage techniques over the AWGN
channel are performed. According to the comparison
results, the Renyi entropy outperforms other entropy
methods, which offer very good performance in the
presence of noise uncertainty.

In [23], the author’s presented a reciprocal two-stage SS
approach to improve the efficiency of SS in the presence of
noise uncertainty. The proposed method consists of two
different stages: the first stage is wavelet denoising, and the
second stage is an adaptive threshold ED, each has a certain
rule. The first stage is used to gain detailed information
about the noise to aid in adapting the threshold of the
second stage. This demonstrates that the suggested model
performs well in the presence of noise uncertainty since it
increases the detection probability.

Anaand et al. [24] introduced a two-stage spectrum
sensing method to improve the sensing performance of
current single-stage spectrum detection approaches. In the
first step, the ED detects the PU signal; if it is not detected,
the MME is employed in the second stage.

Aparna Singh Kushwah et al. presented a two-spectrum
sensing algorithm in [25] to improve the sensing
performance of traditional single stage spectrum detection
approaches. In the proposed scheme, ED is utilized in the
first stage to identify the presence of a PU signal, and if it
fails to detect the signal, MME detection is used in the
second stage to determine the presence of a PU signal. The
channel is sensed by using ED in the first sensing stage. If
the decision metric exceeds the first threshold, the channel
is considered to be occupied. Otherwise, the incoming
signal is evaluated by a second sensing stage that includes
MME detection. If the component detection metric exceeds
a second threshold, the channel is considered occupied;
otherwise, it is declared vacant.
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Table [1] provides a summary of previous studies [16—
25]. This table provides comprehensive details regarding
prior two-stage work, including the PU SNRs
(SNRp), P4, P: and the sensing samples number (N).
According to prior research, It can be shown that the
various two-stage SS approaches have a relatively high
computing complexity, substantial sensing overheads, low
and average sensing reliability, and poor efficiency under
uncertain noise environments. Lastly, in the case of low
SNRs, the step of differentiating between PU signals and
noise is missing. This is a very important step for reliable
SS. However, it can be concluded that for better sensing
accuracy, the ED SS technique must be exerted in the
sensing stage with another stage. In this paper, a novel two-
stage SS model is provided to enhance the performance of
the SS process to detect the PU signals at low SNRs
efficiently. The presented work adopts a noise reduction
technique IDD as a first stage before the ED stage.

The ED is used in the second stage for its efficiency at
high SNRs and simplicity but the ED SS approach is unable
to separate noise from other signals then the sensing
accuracy of ED is limited at low SNR regions, as the
detection probability decreases when the SNR decreases so
the IDD stage is employed for noise elimination and for
separating the licenced usersignals from noise to
accomplish accurate detection and efficient SS. In the IDD
stage using Wavelet de-noising With the Wavelet
transform, the received signal's time and frequency
characteristics are presented, and the resulting
approximation and detail coefficients reflect the low and
high frequency components of the signal under analysis,
respectively. As noise is mainly composed of high
frequency components, noise reduction is accomplished by
thresholding the detail coefficients using the interval
thresholding technique, which first divides the coefficients
at each level into blocks and then selects a local threshold
for each interval. This signal division makes
heteroscedastic noise almost homoscedastic inside each
interval, improving the efficiency of de-noising, and then
using the inverse wavelet transform, the signal is rebuilt
using the modified coefficients.

3. Proposed Model

From the previously suggested approaches, it was noted
that numerous two-stage spectrum sensing methods exhibit
comparatively high computational complexity, increased
sensing overheads, yield moderate sensing accuracy, and
poor performance in the face of uncertainty noise
conditions. Notably, in the case of low Signal-to-Noise
Ratio (SNR), the step in differentiating between PU signals
and noise is missed. The ability to differentiate PU activity
from noise is deemed pivotal for ensuring accurate
spectrum sensing. Additionally, these methods often require
full or partial prior knowledge of the primary user signals or
noise power. to address the challenges and problems
associated with both one-stage and two-stage spectrum

sensing techniques, we propose a solution that involves
employing one of the noise reduction and cancellation
techniques, this approach aims to extract signals from the
noise and yields high P; and low P; at low SNR ratios,
especially at -20 dB.

The proposed two-stage SS model is performed by using
IDD in the first stage and followed by ED in the second
stage. The proposed two-stage model is known as the IDD-
ED detector, as displayed in Fig. 3. The objective of the
proposed model is to obtain accurate detection and efficient
SS and gain simplicity and reliability in finding the
optimum sensing time and maximum throughput, especially
in the case of low received SNRp for reliable SS
performance.

| Received signal |

|

| DD |

|

Optimunm
Sensing time
MMaximum
throughput

Fig. 3 Two stages proposed IDD—-ED model.

Noise randomly affects the received signal and can be
caused by a variety of causes, including time-varying
thermal noise at the communication system's receiver and
noise interference from the surrounding atmosphere.
Moreover, several factors, such as electromagnetic
Interference influence the received signal. So Noise
reduction is one of the most difficult challenges in
communication systems, and it has received a great deal of
attention in recent years. The need to reduce undesirable
noise in desired signals has given rise to noise cancellation
techniques and technology. Unfortunately, few articles on
noise cancellation have been presented in the context of CR
systems. Throughout the communication process, most
communication systems use filters to cancel noise.
Additionally, a CR system may also involve de-noising
methods inthe whole SS phase to improve sensing
accuracy [26-33].

Therefore, it became very necessary to introduce an
effective method to eliminate these undesirable noises from
these signals of importance.
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Table 1 Summary of the prior two-stage techniques

Two Stage SNRp Pq Pr Ng N Two Stage SNRp Pq Pg Ng N
Techniques (dB) Techniques (dB)
~10 090 |0 1000 | 1000 10 097 |01 | 1000 | 100000
15 [ 090 | 004 | 1000 | 10000 15 028 | 0.1 | 1000 | 100000
WD + ED 15 092 |0 1000 | 80000 ED + ED-ADT g 025 |01 | 1000 | 100000
[16] 15 090 |0 1000 | 100000 [E137']\'R—ADT “17 | 021 |01 | 1000 | 100000
20 [090 |060 | 1000 | 10000 18 020 |01 | 1000 | 100000
20 [090 |o0.18 | 1000 | 50000 19 019 |01 | 12000 | 100000
20 [091 | 004 | 1000 | 100000 20 018 | 0.1 | 1000 | 100000
10 |1 01 |- 10,000 10 09 |01 |- 1000
multi-path -15 | o088 |[0.1 = 10,000 Improved TSD | _15 030 |01 |- 1000
hybrid sensing "1™ 080 |01 |- 10,000 [(ED_SAT)+ |1g 026 |01 |- 1000
ng‘el 17 | o067 |01 |- 10,000 ([El'g]—TAT)] “17 025 |01 |- 1000
18 |o058 |01 |- 10,000 18 020 |01 |- 1000
19 052 |or |- 10,000 19 019 |01 |- 1000
20 |o043 |01 |- 10,000 20 018 |01 |- 1000
10 | 099 |02 |2000 | 1074-1075 10 099 | 0.01 | 2000 | 1074-1045
15 | 0.85 |02 |2000 | 1074-1075 15 0.85 | 0.01 | 2000 | 1074-1045
ITSS 16 | 082 |02 | 2000 | 10n4-10n5 | 1TSS ~16 0.82 | 0.01 | 2000 | 1074-1075
EZ%? *MED] 71080 |02 | 2000 | 1074-1075 Ez%l]:) *MED] ™7 1080 | 001 | 2000 | 10~4-10%5
18 [0.79 |02 | 2000 | 1074-1075 18 079 | 0.01 | 2000 | 10%4-1045
19 | 077 |02 2000 | 1074-1075 19 077 | 0.01 | 2000 | 1074-1045
20 [075 |02 |2000 | 1074-1075 20 0.75 | 0.01 | 2000 | 10%4-1045
10 |1 0.1 | 2000 | 3000 ~10 1 0.1 | 2000 | 3000
15 |1 0.1 | 2000 | 3000 715 1 0.1 | 2000 | 3000
ED + MME ~16 | 098 |01 | 2000 | 3000 ED+ MMME "5 0.99 |01 |2000 | 3000
[21] 17 [090 |01 | 2000 | 3000 [21] 17 095 |01 | 2000 | 3000
18 | 082 |01 | 2000 | 3000 18 086 | 0.1 | 2000 | 3000
19 [ 056 |01 | 2000 | 3000 719 070 |01 | 2000 | 3000
20 |[050 |01 |2000 | 3000 20 053 | 0.1 | 2000 | 3000
10 |1 0.05 | 107 | 1000 10 02 |01 |- -
15 [ 099 | 005 |10 | 1000 15 01 |01 |- -
ED+ Renyi "1 | 098 |005 |10 | 1000 WD + AED
‘[*g{ opy “17 | 097 | 005 | 10M | 1000 [23]
18 | 0.93 | 0.05 | 10" | 1000
19 | 0.86 | 0.05 | 10" | 1000
20 [0.72 | 005 |10M | 1000
10 |1 01 |- 100000 -10 1 0.1 1000 | 100000
15 |1 01 |- 100000 -15 1 0.1 1000 | 100000
[Eza]’“ MME  "50 08 |01 |- 100000 '[52[5)]" MME -16 1 0.1 1000 | 100000
17 1 0.1 1000 | 100000
-18 099 |01 1000 | 100000
-19 098 |01 1000 | 100000
20 089 |01 1000 | 100000
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Researchers have suggested a variety of signal de-
noising approaches for this purpose, including linear
methods (Fourier transform de-noising, Wiener
filtering) and nonlinear methods (wavelet transform de-
noising). Due to their relative simplicity, linear signal
de-noising techniques were often utilized for noise
removal up to 1990. These techniques are typically
acceptable but have certain limitations since they
assume that the signals are stationary. However, real-
world signals frequently exhibit non-stationary
statistical characteristics. Because they can reveal both
the spectral and temporal information in a signal at
once, nonlinear techniques like the wavelet transform
have become an active topic of research over the last
two decades [34].

De-noising technologies are classified into three types:
time-frequency  technologies,  matrix-factorization
technologies, and adaptive-filter de-noising
technologies. Time-frequency de-noising methods allow
for the study of noise-induced signals in both the
frequency and time domains. WD, IDD, and
decomposition de-noising are Samples of approaches
that are related to this category the second type of de-
noising approach is matrix-factorization de-noising,
which is based on the examination of signal space.
Singular value decomposition and nonnegative matrix
factorization are two examples of matrix-factorization
algorithms. Singular value decomposition and non-
negative factorization may both factorize a large or
scattered matrix into smaller knowledge sets that allow
easier examination of a symbol. The third type of de-
noising technology is adaptive filtering and de-noising,
which uses adaptive algorithms to cancel noise. The
Least-Mean-Square (LMS) and the Normalized Least-
Mean-Square (NLMS) filters are Samples of the
techniques that belong to adaptive filtering de-noising
these filters can readjust their parameters to remove
noise from a symbol.

In high-performance signal processing tool [35-37],
Wavelet transform (WT) has been proven to be a very
effective approach for de-noising signals when
compared to traditional methods like the Fourier filter
and Savitzky-Golay filter [38]. The accuracy of the
reconstructed signal depends on both the thresholding
method and the threshold values when a noisy signal is
de—noised using the WT methodology. There are two
basic ways for compressing wavelet coefficients hard
thresholding and soft thresholding [39, 40]. About the
selection of thresholds, several methods have been
investigated [41]. The standard approaches include the
level-dependent and interval-dependent threshold
selections. The level thresholding approach, which
chooses single universal threshold for each level and
applies it to threshold all the coefficients at the level. In

order to threshold the coefficients inside each interval,
the interval thresholding technique first divides the
coefficients at each level into blocks, and then selects a
local threshold for each interval This signal division,
make heteroscedastic noise be almost homoscedastic
inside each interval, improving the efficiency of de-
noising.

Wavelet de-noising with WT, the received signal's
time and frequency characteristics are presented, and the
resulting approximation and detail coefficients reflect
the low and high frequency components of the signal
under analysis, respectively. As noise is mainly
composed of high frequency components, noise
reduction is accomplished by thresholding the detail
coefficients. The de-noising process typically consists of
the following three steps:

e Decomposition: the noisy signal is converted into a
collection of orthonormal wavelet basis functions,
selecting a mother wavelet and a maximum
decomposition level followed by computing the
decomposition coefficients at each level.

e Thresholding: In this stage, the threshold values
for each level are evaluated, and the coefficients at
each level are applied to the threshold.

e Reconstruct: Using the inverse wavelet transform,
the signal is rebuilt using the modified
coefficients.

Hence the packet of wavelet technique is a
generalization of wavelet decomposition that provides a
wide variety of signal analysis scales. In packet
wavelets analysis, the details as well as the
approximations are divided into 2™ different ways to
represent the signal where the decomposition level is n.
Several bases are produced by single wavelet packet
decomposition, which provides a more complicated and
adaptable analysis. The best Ilevel of signal
decomposition is chosen using an entropy-based
criterion. Fig. 4 displays the packet of wavelet
decomposition and reconstruction trees.

The input signal R is divided by using filters G, and
G, into a low pass component R, and a high pass
component R, which are decimated (down-sampled) by
factor two. The low pass component is then divided
more into Ry, and Ry, which are again decimated by
factor two. This procedure is repeated as needed. The
DWT outputs are the band pass coefficients R, ,Ry1,
Roo1se----- , and the last low pass coefficients Rygo. o
The decimation ensures that the input sample rate and
total output sample rate are identical, so there is no
redundancy in the transform. The signal is reconstructed
using a pair of reconstruction filters H, and H, are
utilized in the configuration of Fig. 4 where Ry, may
be reconstruction from Ryg00 and Rygoq; and then Ry,
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from Ry, and Ryoq; and so on back to R, using an
inverse tree of H filters.

§2 )Ry

Ry v
m — I.

RDI
R » |
RDGA
Rouon@‘. )]
~—
Rono(12)

Fig. 4 Packet of wavelet decomposition and
reconstruction trees

The ED is used at the second stage for its efficiency
and simplicity, so the IDD stage is employed for noise
elimination and for separating the licenced user signals
from noise to accomplish accurate detection and
efficient SS. To calculate the energy of the received
signal, the samples are squared and integrated across the
observation period, and the integrator output is then
compared to the threshold. If the integrator's output
exceeds the threshold the assigned radio spectrum is
then assumed to be occupied. Otherwise, it is regarded
as empty.

3.1 The Proposed Two-Stage Model Analysis

The PU signal can be detected by using the following
hypothesis for the received signal [42]:

h(n) S(n) + w(n) Hp = H;

R(m) = { wi(n) Hp _H, )
Where [R(n)] represents the received signal and S(n)
represents the PU signal of transmitted power B, , h(n)
represents the channel gain, w(n) represents the
Additive White Gaussian Noise (AWGN) at the
cognitive user receiver, which is considered to be a
Circularly Symmetric Complex Gaussian (CSCG)
random process with zero mean and one-sided power
spectral density N, (i.e., w(n)~CN(0,N,)), and
n denotes the time index. H, is the null hypothesis,
which denotes the absence of PU and H; is the
alternative hypothesis, which denotes that PU is present.

By comparing the detectors decision parameter the
probabilities of false alarm and detection can be
determined, which determines under the hypothesis
Hp = Hy, and Hp, = H,, respectively with a predefined
threshold . For ED, the decision parameter Dpgp, is

determined by the energy of the samples that were taken
during the observation window duration T, and it is
represented by equations 2, and 3.

1 N
Dpe» = ) IRODI? @

© Dpzv ©

Where N denotes the number of sensing samples (N =
T f;); with f; indicating the sampling frequency under
hypothesis H, = H,, we find

Ry =w(n) )

Then decision parameter will be:
N
1
Dpeolty =3 ) w2 5)
n=1

Which is the squared sum of AWGN w (n). As a result
of this a chi—square distribution of N degrees of freedom
for real valued noise case, and 2N degrees of freedom
for complex valued noise case.

In case of complex noise, and by using the application
of the Central Limit Theorem (CLT), chi-square
Probability Density Function (PDF) of huge N can be
evaluated by a Gaussian distribution of mean p, = N,

and variance ¢3 = %Ng. So, an approximated PDF can
be indicated as follows:

—(&— 2 2
Futrein, €) = N7 E-mo)/200°, >0 (6)
0
Then,
Py =f fMIHO (©)d¢
£=p
” 1 —(§-10)?/20¢>
Pf = e 0 0 df (7)
g=y V210
Lett = ";:“’ , Then, &=oot+uy , dé=oaydt,

Equation (7) can be expressed as:
1 0 _t _ Y
Pr = e ftzw;goe 2opdt, Pr=0Q(=) (8)

Where Q(.) represents the complementary distribution
function of the standard Gaussian, i.e.,

Qx) = e dt €)]

=
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Then Apply uy =N, , and o3 = %Ng in to Equation
(8), so the P is defined as in equation (10):

Pr=Q ((NE - 1) m) (10)

o

With N =t fs, then

P(,7) =Q ((Ni — 1) ,/‘rfs) (11)

Under the hypothesis Hp = H, , we find
R, = h(n) * S,(n) + w(n) (12)

The decision parameter Dpgp has a distributed PDF of
non—central chi-square fyrn) 1, (§) Of 2N degrees of

freedom and non-certainty parameter2|hps|2yp with
yp=:—’; representing the PU SNR. For notational

simplicity, let y = |hps|2yp represent the SNR of the
received signal.

Once again for huge N according to CLT, the decision
parameter has a Gaussian PDF of mean p, =
|hys|“Pe + N = (v + 1N, ,and
%(y+ 1)2NZ under the condition that w(n) consider

CSCG random processes as equation (10), the Py is
Y—py
1

variance 02 =

evaluated by Py = Q(G—), and after insertion of

and o, values, and then the P4 represented as follows:

Pa,T) = Q ((ﬁ ~1)7F ) (13)

The core equations for evaluating both detection and
false alarm probabilities for a pre—defined decision
threshold s are represented in Equations (11) and (13).
It can rewrite them such that one is a function of the
other the Py is related to the Py as follows:

Py =1Q (W—) @ (B) — v/ fs )) (149)

To guarantee effective protection for a PU network
from harmful interference of a secondary network, a
restriction of the target P,is typically adopted,
especially in a low SNR environment. In IEEE 802.22
WRAN, the targeted probability of detection Py = 0.9
for the SNR of —20 dB then, for a target Py, the decision
threshold can be obtained from Equation (13) as
follows:

1
Y =(y+ DN, <\/T—TQ (Pa) + 1> (15)

By substituting from Equation (15) into Equation (11),
then P, foratarget Py is expressed by:

P =Q(+ DO B + 17 fr ) (16)

For noise reduction, the IDD technique is used as the
first stage for an efficient SS process. Wavelet
transformation is widely used in signal de—noising
applications. Each time, the CR must process the
sampled signal inside the licensed user's band. By
measuring the energy of the signal R, which is
determined by Equation 2, energy sensing aims to
determine whether H, or H,, is true. Equations (4) and
(12) can be derived as follows:

R, =w(n) 7)

R, =S,(n) + w(n) (18)

The received signal's wavelet transform is shown in
the following way:

Where W stands for the DWT's left invertible
transformation matrix. The details that represent the
majority of the noise power in the wavelet
transformation domain are contained in the detailed
information dg. The inverse wavelet transform can
restore the required signal with reduced noise influence
after  thresholding the  detailed information,
which improves the ED process. The inverse wavelet
transform can restore the required signal with reduced
noise influence after thresholding the detailed
information, which improves the ED process.

3.2 IDD-ED Maximum Throughput and Optimum
Sensing Time Analysis

The frame duration, as represented in Fig.5, consists
of one sensing slot T and one data transmission slot T —
T.The Pjand P; are two parameters associated with
SS the higher the Py, the better the PU can be protected.
However, from the point of view of the SUs the lower
the P;, the greater chance the spectrum holes can be
exploited efficiently which leads to the higher the
achievable throughput for the SUs. Thus, a fundamental
choice for the secondary network between sensing
capability and achievable throughput must be handled.
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Frame duration T

Spectrum Data transmission

sensing (r) (r—=)

Fig. 5 Frame duration of the conventional CR [43]

For a mathematical representation of this choice
consider Cy, C; are the channel capacities of the
secondary network when it operates in the absence or
presence of the PU, respectively. Where the transmit
power of SU is P, and the transmit power of PU is Pp
and N, is the spectral density of the AWGN noise so the
signal-to—noise ratios of the PU and SU are SNRp = %

o

and SNRg = % , respectively Then,
o

CO = 10g2(1 + SNRs)
Pe \ _ SNRg
+N0) = log, (1 + ) @)

Pp SNRp+1

C, =log, (1 +

For a certain frequency band of interest,
consider P(H,), P(H,) are the probabilities which
represent the presence or absence of the PU,
respectively. There are two scenarios for which the
secondary network can operate at the PUs frequency
band. When the PU is not active, and the SU produces
no false alarm, the achievable throughput of the
secondary network is represented by

Zo(1) = == (1 = P)P(H,)C, 1)

When the PU is active but is not identified by the
SU, the achievable throughput of the secondary network
is represented by

2,(1) = = (1 = PP(HCy (22)

Let the average achievable throughput is represented by:

Z(tv) = Zoy(v) + Z1(v) (23)
max, Z(1t) = Zy(t) + Z,(7)

Using

Po(T) = Py (24)

By applying the proposed sensing-through hput model
for the ED scheme, then, from Eqgs. (21) to (24) will be:

Zo(, 1) = — (1= P, 7)) P(Ho)Co (25)
2,(h, 1) = = (1= Pa(, 1)) P(H,)C, (26)

So, the average throughput is given by:

Z(lp' T) = ZO(I»D'T) + Zl (lp' T) (27)

So, the optimum problem can be evaluated as:
max, Z(, 1) = Zo(, ) + Z, (%, T)
USing Pd('(/), T) > Pd (28)

The condition of the previous optimum problem can
be met through choosing a detection threshold v,
as Py(,, ©) = Py. If there isy; < 1, then according
to Eq. (13) Py(y¥,, ) > Py(¥,, T) as Q(S) is decreases
monotonically with S, which will satisfy the condition.
Also, from Eq. (11), it can be shown that P:(i;,T) >
P:(y,,T). From Eq. (25) to Eq. (27), it can be
obviously found that Z(y,, ) < Z(y,, T). This means
that the detection threshold ¢ =1, satisfies the
equality condition and allows maximum throughput Z
(t*). Thus, the optimum problem leads to the following:

max, Z(t) = Zy(t) + Z, (1)
With 0 <Tt<T and Y =1, (29)

Where,
2o = (1-Q((r+ Q' (R +

WTE)) PG, (30)
2,(1) = = (1 = RYP(HL)C, 31

Mathematically, Z(t) should be a unimodal function
in the range 0 < T < T to solve this optimum problem.
Denote t* as the optimum sensing time, so z(t) is said
to be a unimodal function if it is monotonically
increasing for 0 <t <t* and then monotonically
decreasing for t* <t < T, with a unique optimum
point at T = t*. This can be satisfied under the following
three conditions:

dz(t
% |r:0 > 0.

There is a uniquet*, where0 <t<T, such

dz(t)
that =

The rest of this subsection verifies that z(t) matches
these previous conditions. For convenience, denote «c=
(v + DQ (Py) and B = v,/f; . It can be noticed that B
is always positive while « is a negative value since Py
is above 0.5 for practical considerations. From Eq. (30)
and (31):

lt=c+ = 0.

dt

0 £ (p(1), T (1 - Q4537
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L0 = P(Ho)Co <%+§ Qe +BVT) +

dt
T B _M)
T = exp( . (32)
Jand 20 = 2 (1 - PP(H)C (33)
It can be clearly seen that dz;—f) in Eq. (33) is a

constant value. This means that z,(t) is responsible for
satisfying the preceding conditions. To show this,

firstly %hzo =00 > 0, and this matches the first

condition.

dzo(T) -1 1
Also, —2= = P(H,)C, (T +o Q(ex +B\/T)> <0
since Q(S) <1 for all S, and this satisfies the second
condition. Finally, to prove that z,(t) satisfies the third

condition, putdzd"—T(T) = 0 in Eq. (32), this will result

(< +BvT)" = —2 1n<( o) (1- Q(+B\/?))) (34)

B(T-1)

The desired optimum sensing time t* the time
corresponds to the intersection of the two functions in
the previous equation. So to prove that there is only one
optimal point in the entire range 0 < Tt < T, it should be
verified that these functions intersect each other at only
one point. The optimum sensing time 0 < t* < T that
matches this equality and the high performance of the
proposed model will be obviously investigated in the
simulation results in the following section.

4. Results OF Proposed Model

In this section, we describe the simulation results
and analysis of the proposed two-stage model,
which  was executed in MATLAB. With a
sampling frequency of 6 MHz and a zero—mean
AWGN noise over 1000 Monte Carlo simulations
with an SNR varying from —10 to —20 dB.

4.1 Result of the Proposed Model Py, P; for Various
Values of N and SNRp from —10 to —20 dB

The P indicates how frequently PU is potentially
subject to CR interference. Pd is one of the key
parameters in CRN used to estimate system
performance. The value of Py should be in accordance
with IEEE 802.22 WRAN standard, as maximum as
possible under the constraint of P In Fig. 6, it is shown
that when the number of samples increased the P;
decreased. Further, the P; obtained from the simulation
is shown in the figure. This demonstrates that the

desired theoretical target P4 has been attained.

1
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Fig. 6 P4 and P Vs N from 10000 to 100000 at
Different SNRp

Fig.6 shows the results of the proposed model P4 and
P; for different values of N and SNRp. In case of low
SNRp and with the increase of N from 10,000 to
100,000, a very low value of Pr can be obtained when
the targeted Py is 0.90. As shown at SNRp from —10 to
—19 dB and at N=100,000, the value of the P;equal 0
and when SNRp = —20 dB, the value of P; equal 0.03.

4.1.1 Comparison between the Related Two Stage
Methods and the Proposed Model P4 and P;

As shown in Fig.7 and Fig.8 the simulation results of
the proposed model Py and P; for different values of
SNRp and at N=100000 compared to prior relevant
work, and it Validates that the proposed model improves
the sensing Performance and helps to address the issues
of high P rates, poor detection accuracy at low SNRs
level, and noise uncertainties because it obtains higher
P4 and lower P;, even at low SNRs from —15 to —20 dB
compared to prior two stage methods.
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4.2 Results of the Proposed Model Maximum

—F 1= == R Throughput and Optimum Sensing Time
T | | . Le="" V2 i .
ez = S T 7 Fig. 9 shows the Proposed model Achievable
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5 o- ¥ R A / at different SNRp all the results are arranged in Table 2.
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Fig. 8: Comparison between P¢ of the related two stage
methods and the proposed model at different SNR for
N=100000

Table 2 The Proposed model Achievable throughput and its Optimum sensing time at N from 1000 to 10000 and SNRp from —10 to

-20dB
Proposed SNRp Achiev?ble throughput Optimum sensing time (ms)
model dB Bits/Sec/HZ N

-10dB 5.418 0.5 1000-10000
-12dB 5.38 0.833 1000-10000

(IDD+ED) -14 dB 5.3 15 1000-10000
-16 dB 4.7 1.5 1000-10000
-18 dB 3.1 15 1000-10000
-20dB 1.98 15 1000-10000
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Fig.10 shows the Proposed model Achievable
throughput Versus Sensing time from N = 10,000-
100,000 at different SNRp all the results are arranged in
Table 3. It is seen that the maximum throughput is
achieved at SNR = -10dB is 5.37 (bits/sec/HZ) at the
optimum sensing time of 1.66ms and at SNR = -20 is
4.58 (bits/sec/HZ) at the optimum sensing time of 13ms.
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Jk* A— Achievable throughput at SNR=-18
3 *,* =%~ Achievable throughput at SNR=-20 |

Achievable throughput(bits/Sec/Hz)

0 2 4 6 8 10 12 14 16 18
Sensing time(ms)

Fig.10 The proposed model Achievable throughput Vs.
Sensing time from N =100000-100000 at diff. SNRp.

5. Conclusion and Future Work

A novel two-stage SS model for CR systems that
achieves optimum sensing time, maximum throughput,
lower Pr and higher Py and its performance evaluation
are presented. In this paper, the proposed model
provides a solution for detection, false alarm
performance, and noise uncertainty at low values of

SNR in CR systems. Therefore, the two-stage interval
dependent de-noising and ED model is proposed to
perfectly detect the PU signals at different low SNRs. At
low SNRs, the ED method is ineffective in detecting the
existence of the PU due to the noise issue in the
received signals. So at low SNR, there is a need to use
sequential detectors for accurate sensing detection
results. Therefore, the interval dependent de-noising
technique is used as the first detector for improving the
signal reconstruction to further reduce the noise effect
and accurately detect the PU signals. The results of the
simulation show that the proposed model yields high Py
and low P; at low SNR ratios from (-15 to -20) dB, and
also shows that the suggested model enhances the rate
of false alarm rather than the previous related two- stage
methods in terms of sensing a spectrum in low SNR
regions and achieves a very better optimum sensing time
which achieves maximum throughput at different SNRs
from -10 to -20 dB at different N .The obtained results
indicated that the proposed model improves the sensing
process for a better performance of the cognitive radio
systems.

Future work can be done in this study by using another
channel, like the fading channel (Rayleigh and Rician),
which can be performed for detection instead of the
AWGN channel, and it is recommended to analyse the
impact of cooperative sensing case by employing the
proposed model and evaluating its influence in the case
of cooperative sensing performance. Another possibility
is to modify the proposed model to analyze its
behaviour in a MIMO sensing situation and evaluate its
influence on sensing performance.

Table 3 the proposed model Achievable throughput and its optimum Sensing time at N from 10,000 to 100,000 and SNRp from —10

to —20 dB
Achievable throughput . S
Proposed model | SNRp dB Bits/Sec/HZ Optimum sensing time (ms) N
-10 dB 5.37 1.66 10000-100000
-12dB 5.38 1.66 10000-100000
(ED + IDD) -14 dB 5.33 2 10000-100000
-16 dB 5.22 3 10000-100000
-18 dB 4.98 8 10000-100000
-20dB 4.58 13 10000-100000

12 Iranian Journal of Electrical & Electronic Engineering, Vol. 20, No. 01, March 2024



6. References

[1] Kaabouch, Naima, ed.Handbook of research on
software—defined and cognitive radio technologies for
dynamic spectrum management. IGI global, 2014.

[2] 1. Develi, “Spectrum sensing in cognitive radio
networks: threshold optimization and analysis,”
EURASIP Journal on Wireless Communications and
Networking, vol. 255, 2020.

[3] Salahdine, Fatima, and Hassan El Ghazi, “A real time
spectrum scanning technique based on compressive
sensing for cognitive radio networks,”2017 IEEE 8th
Annual Ubiquitous Computing, Electronics and
Mobile Communication Conference (UEMCON).
IEEE, 2017.

[4] Yucek, Tevfik, and Huseyin Arslan, “A survey of
spectrum sensing algorithms for cognitive radio
applications,” IEEE  communications surveys &
tutorials, 11.1, pp. 116-130, 20009.

[5]L. Lu, X. Zhou, U. Onunkwo, and G. Li, “Ten years of
research in spectrum sensing and sharing in cognitive
radio,” EURASIP J. Wireless Communication. Netw.,
vol. 2012, no. 1, p. 28, 2012.

[6] Reyes, Hector, et al, “A spectrum sensing technique
based on autocorrelation and Euclidean distance and
its comparison with energy detection for cognitive
radio networks,”Computers & Electrical
Engineering, 52, pp. 319-327, 2016.

[7] Lu, Xiao, et al, “Dynamic spectrum access in cognitive
radio networks with RF energy harvesting,” IEEE
Wireless Communications, 21.3, pp. 102-110, 2014.

[8] Budaraju, Sriramachandra Murthy, and Marcharla
Anjaneyulu Bhagyaveni, “A novel energy detection
scheme based on channel state estimation for
cooperative  spectrum  sensing,” Computers &
Electrical Engineering, 57, pp. 176-185, 2017.

[9] Armi, Nasrullah, Mohd Zuki Yusoff, and Naufal M.
Saad, “Cooperative spectrum sensing in decentralized
cognitive radio system,” Eurocon 2013, IEEE,
pp.113-118, 2013.

[10] L-L. ZHANG, J. G. HUANG and C. K. TANG
“Novel Energy Detection Scheme in Cognitive
Radio,” IEEE conference on Signal Processing,
Communications and Computing (ICSPCC), pp.1-4,
2011.

[11] Ogbodo, Emmanuel U., David Dorrell, and Adnan M.
Abu-Mahfouz, “Cognitive radio based sensor network
in smart grid: architectures, applications and
communication technologies,” IEEE Access, 5, pp.
19084-19098, 2017.

[12] Bagwari, Ashish, and G. Singh Tomar, “Improved
spectrum sensing technique using multiple energy
detectors for cognitive radio networks,” International
Journal of Computer Applications, 62.4, pp. 11-21,
2013.

[13] Gorcin, Ali, et al, “An adaptive threshold method for
spectrum sensing in multi-channel cognitive radio
networks,”2010 17th International Conference on
Telecommunications, IEEE, pp. 425-429, 2010.

[14] Tandra, Rahul, and Anant Sahai, “SNR walls for
signal detection,” IEEE Journal of selected topics in
Signal Processing, 2.1, pp. 4-16, 2008.

[15] Hamid, Mohamed, Niclas Bjorsell, and Slimane Ben
Slimane, “Energy and eigenvalue based combined
fully  blind  self-adapted  spectrum  sensing
algorithm,” IEEE  Transactions on  Vehicular
Technology, 65.2, pp. 630642, 2016.

[16] A. Fawzi, W. El-Shafai, M. Abd—Elnaby, A. Zekry,
and F. E. Abd El-Samie, “Adaptive two-stage
spectrum sensing model using energy detection and
wavelet denoising for cognitive radio systems,”
International Journal of Communication Systems,
33.16, e4400, 2020.

[17] Bagwari, Ashish, et al, “A robust detector using snr
with adaptive threshold scheme in cognitive radio
networks,” International Journal of Signal
Processing, Image Processing and Pattern
Recognition, 9.5, pp. 173-186, 2016.

[18] Rabie Mohamed, Alaa, Ahmad A. Aziz El-Banna,
and Hala A. Mansour, “Multi—path hybrid spectrum
sensing in cognitive radio,” Arabian Journal for
Science and Engineering, pp. 1-8, 2021

[19] Kanti, Jyotshana, and Geetam Singh Tomar, “of
sensing failure problem: an improved two-stage
detector,” The Computer Journal, 61.6, pp. 847-855,
2018.

[20] Wasonga, Fidel, Thomas O. Olwal, and Adnan Abu-
Mahfouz, “Improved two-stage spectrum sensing for
cognitive radio networks,”Journal of Advanced
Computational Intelligence and Intelligent
Informatics, 23.6, pp. 1052-1062, 2019.

Iranian Journal of Electrical & Electronic Engineering, Vol. 20, No. 01, March 2024 13



[21] Mashta, Faten, Wissam Altabban, and Mohieddin
Wainakh, “Two-Stage Spectrum Sensing for
Cognitive Radio Using Eigenvalues
Detection,” International Journal of Interdisciplinary
Telecommunications and Networking (1JITN), 12.4,
pp. 18-36, 2020.

[22] Usman, Mustefa Badri, Ram Sewak Singh, and S.
Rajkumar, “Stage Spectrum Sensing Technique for
Cognitive Radio Network Using Energy and Entropy
Detection,” Wireless Power Transfer, 2022.

[23] Ali, Alaa, Ahmad A. Aziz El-Banna, and Hala A.
Mansour, “Reciprocal Two Stages Spectrum Sensor to
overcome the Noise Uncertainty,” The International
Journal for Engineering and Modern Science, 1.1, pp.
1-10, 2022.

[24] Anaand, Prem Prakash, and Chhagan Charan, “Two
stage spectrum sensing for cognitive radio networks
using ED and AIC under noise
uncertainty,” international conference on recent
trends in information technology (ICRTIT). IEEE, pp.
1-6, 2016.

[25] Aparna Singh  Kushwah, Rohit Parashar,
“Performance Analysis of Two-Stage Spectrum
Sensing for Cognitive Radio Networks,” International
Journal  of  Electronics &  Communication
Technology,Vol. 7, Issue 3, July — Sept. 2016.

[26] van Bloem, Jan—Willem, Roel Schiphorst, and
Cornelis H. Slump, “Removing non-stationary noise
in spectrum sensing using matrix
factorization,” EURASIP journal on advances in
signal processing, 2013.1, pp. 1-19, 2013.

[27] Martinek, Radek, and Jan Zidek, “The real
implementation of NLMS channel equalizer into the
system of software defined radio,” Advances in
Electrical and Electronic Engineering, 10.5, pp. 330—
336, 2012.

[28] Das, Aritra, et al, “An improved energy detector for
spectrum sensing in cognitive radio system with
adaptive  noise  cancellation and  adaptive
threshold,” Computational Advancement in
Communication Circuits and Systems: Proceedings of
ICCACCS 2014. Springer India, pp.113-119, 2015

[29] Sonnenschein, Alexander, and Philip M. Fishman,
“detection of spread—spectrum signals in noise of
uncertain power,” IEEE Transactions on Aerospace
and Electronic Systems, 28.3, pp. 654-660, 1992.

[30] Quadri, Adnan, M. Riahi Manesh, and Naima
Kaabouch, “Performance comparison of evolutionary
algorithms for noise cancellation in cognitive radio
systems,” IEEE  Consumer Communications and
Networking Conference, pp. 1-6, 2017.

[31] Tandra, Rahul, and Anant Sahai, “Fundamental limits
on detection in low SNR under noise
uncertainty,” 2005 international conference on
wireless networks communications and mobile
computing, Vol.1, IEEE, pp. 464-469, 2005

[32] Zeng, Yonghong, et al, “A review on spectrum
sensing for cognitive radio: challenges and
solutions,” EURASIP journal on advances in signal
processing, pp. 1-15, 2010.

[33] Kaabouch, Naima, ed. Handbook of research on
software—defined and cognitive radio technologies for
dynamic spectrum management. 1GI global, 2014.

[34] Mallat, “A Wavelet Tour of Signal Processing,”
Academic Press, San Diego, USA, 1998.

[35] Rioul, Olivier, and Martin Vetterli, “Wavelets and
signal processing,” IEEE  signal processing
magazine, 8.4, pp. 14-38, 1991.

[36] Kumar, Abhishek, Seemanti Saha, and Rajarshi
Bhattacharya, “Wavelet transform based novel edge
detection algorithms for wideband spectrum sensing
in CRNs,” AEU—-International Journal of Electronics
and Communications, 84, pp. 100-110, 2018.

[37] Teolis, Anthony, and John J. Benedetto,
“Computational signal processing with wavelets,”Vol.
182. Boston, MA, USA: Birkhauser, 1998.

[38] Mittermayr, C. R., et al, “Wavelet denoising of
Gaussian peaks: a comparative study,” Chemometrics
and Intelligent Laboratory Systems, 34.2, pp. 187-
202, 1996

[39] Donoho, David L, “De-noising by soft-
thresholding,” IEEE transactions on information
theory, 41.3, pp. 613-627, 1995.

[40] Padmavathi, G., and S. Shanmugavel, “An Enhanced
Cooperative  Spectrum  Sensing with  Wavelet
Denoising and Softened Hard Decision for Cognitive
Radio Networks,” International Journal of Future
Generation Communication and Networking, 7.6, pp.
81-90, 2014.

[41] Walczak, Beata, ed. Wavelets in chemistry. Elsetvier,
2000.

14 Iranian Journal of Electrical & Electronic Engineering, Vol. 20, No. 01, March 2024



[42] Bagwari, Ashish, and Geetam Singh Tomar, “Two—
stage detectors with multiple energy detectors and
adaptive double threshold in cognitive radio
networks,” International Journal of Distributed
Sensor Networks, 9.8, pp. 656495, 2013.

[43] Stotas, Stergios, and Arumugam Nallanathan,
“Enhancing the capacity of spectrum sharing
cognitive radio networks,” IEEE Transactions on
Vehicular Technology, 60.8, pp. 3768-3779, 2011.

Ahmed Yahya he is Experienced
Professor with a demonstrated
history of working in the higher
education industry. Strong
education professional with a
Doctor of Philosophy - PhD
focused in Electrical, Electronics
and Communications Engineering
from Ain Shams University. Skilled in Electronics,
Manufacturing, Engineering, Teaching, and Electronics
Manufacturing His interest are Embedded Systems
Developments, Intelligent IOT Deployments, Synthesis
and VLSI design challenges for Future Generation
Computing Systems, Vertical Test bed Architectures,
V2X Communications Percptions, and Reconfigurable
Instruction Set.

Ahmed Fawzi is a doctor of
Electrical Engineering in
Electronics and Communication
Technology Department, Modern
Academy for Engineering and
Technology and Madina Higher
Institute for Engineering and
Technology. PhD focused in
Electronics and Communications
Engineering from menoufia university faculty of
electronic engineering (MENOUF) and M.Sc. of
Electronics & Communication Engineering from AIN
SHAMS university faculty of engineering Cairo-Egypt.
His current research interests in the field of cognitive
radio, antenna and communication engineering.

Mohamed Khalaf was born in
Egypt, in 1990. He received the
B.S. degree in Electronics and
Communication Technology
Department, Modern Academy
for Engineering and Technology,
Maddi, Egypt, in 2012. His
current research interests in the
field of cognitive radio and communication engineering.

Iranian Journal of Electrical & Electronic Engineering, Vol. 20, No. 01, March 2024



