TELKOMNIKA Telecommunication Computing Electronics and Control
Vol. 24, No. 3, June 2026, pp. 786~800
ISSN: 1693-6930, DOI: 10.12928/ TELKOMNIKA.v24i3.27596 a 786

Stochastic resonance-aided energy detection for RF-powered
cognitive radio networks

Henry Onyemauche Osuagwu?, Mamilus A. Ahaneku?, Vincent C. Chijindu?, Obinna M. Ezeja?
!Department of Electrical Engineering, Faculty of Engineering, Nigeria Maritime University, Warri, Nigeria
2Department of Electronic and Computer Engineering, Faculty of Engineering, University of Nigeria, Nsukka, Nigeria

Article Info ABSTRACT

Article history: Conventional stochastic resonance (SR) techniques often face challenges with
. higher-frequency signals and parameter optimization for real-time

Received Oct 10, 2025 applications, as observed in practical orthogonal frequency-division

Revised Feb 24, 2026 multiplexing (OFDM) systems that are vulnerable to noise uncertainty (NU).

Accepted Mar 29, 2026 In this study, we present a novel SR-aided energy detection (ED) method that

incorporates multi-taper spectrum estimation technique to improve spectrum
estimation precision and Gauss-Seidel-like iteration method to accurately
Keywords: adjust the SR parameters for real-time adaptation. This combined strategy
enhances weak signal detection, prevents signal distortion, and increases
robustness against fluctuating noise conditions. Results from 5,000 Monte

Cognitive radio

Energy detection Carlo simulations showed that, at 0 dB NU, SR-aided ED attained 90%
Noise uncertainty detection probability at -11 dB, outperforming conventional ED with an SNR
Spectrum sensing gain of 12.5 dB. At 3 dB NU, the conventional ED accuracy degraded by 5.5
Stochastic resonance dB, resulting in a false alarm probability of 77%, while SR-aided ED

demonstrated robustness to NU. At 10 dB NU, ED failed to distinguish the
differences between noise and signal power, giving rise to 99% false alarm
probability. In contrast, despite a 6 dB degradation, the developed SR-aided
ED approach still guarantees a 1% false alarm probability. In clipping-prone
systems, conventional ED is vulnerable to signal clipping. Conversely, SR-
aided ED remains unaffected.

This is an open access article under the CC BY-SA license.

Henry Onyemauche Osuagwu

Department of Electrical Engineering, Faculty of Engineering, Nigeria Maritime University
Okerenkoko, Warri, Nigeria
Email: henry.osuagwu.pg68120@unn.edu.ng

Corresponding Author:

1. INTRODUCTION

The increasing number of wireless communication systems and the rising demand for the limited radio
spectrum have resulted in spectrum scarcity. To address spectrum scarcity and the power constraints problems
in radio communication systems, an innovative technology known as radio frequency (RF)-powered cognitive
radio networks (CRNs) has emerged as highly viable solution. This cutting-edge technology addresses the
energy bottleneck of conventional CRNs through allowing the secondary users (SUs) to intelligently monitor
and harvest energy from surrounding RF signal [1]. In RF-powered CRNs, spectrum sensing plays an important
role in granting secondary (unlicensed) user opportunistic access to unused spectrum without causing
interference to primary (licensed) users. However, spectrum sensing faces serious challenges. In low signal-
to-noise ratio (SNR) environment, the detection performance degraded notably when implementing
conventional energy detection (ED) methods [2]. Noise uncertainty (NU), resulting from environmental
fluctuation, hardware imperfection and interference, impacts negatively on spectrum detection accuracy, hence
increasing the false alarm probability [3], [4].

Journal homepage: http://journal.uad.ac.id/index.php/TELKOMNIKA


https://creativecommons.org/licenses/by-sa/4.0/

TELKOMNIKA Telecommun Comput EI Control a 787

Fading and shadowing can conceal weak signals, causing hidden node problems that require complex
cooperative sensing algorithms, thereby increasing computational and energy demand [5]. In full-duplex
networks, self-interference leaks SU signals into receiving devices [6], concealing the primary user (PU)
signals in CRNs. These challenges prevent accurate detection of spectrum holes and expose the PUs to
interference. Improving the sensitivity of spectrum detecting devices that can consistently identify spectrum
opportunities at very low SNR is crucial for seamless operation of CRNs [7]. Future methodologies for
spectrum detection should incorporate diverse strategies to achieve robust performance against NU and signal
clipping while guaranteeing false alarm probability that is equal to or less than 10%. This study aims to tackle
some of these challenges through stochastic resonance (SR)-aided ED sensing method that employs powerful
signal processing techniques that are efficient and adaptive to modern wireless communications technologies.
Outlined are the research contributions:

—  This study derived mathematical expression of the SNR gain generated through bistable nonlinear
systems, that showed how the SR system adapts to varying noise conditions.

— Anovel analytical formulation is obtained for the detection probability of SR-aided ED

— It investigates the impact of NU and signal clipping on the detection accuracy of SR-aided ED in low
SNR environment.

As follows are the subsequent sections of the paper: section 2 presents the related works. The
conventional ED that incorporates NU, signal clipping, SR system, mechanism of multi-taper spectral
estimation, SR parameters estimation, the formulation of the SNR gain for SR System, and the analytical model
for the detection probability of SR-aided ED are presented in section 3. The results of simulations, the
discussion and the developed model comparison with existing published models in literature are provided in
section 4. Finally, section 5 presents conclusion reflections.

2. RELATED WORKS

In recent times, SR-aided ED technique has mostly focused on improving the spectrum detection
accuracy in low SNR environments, which is a major challenge for typical ED method. The investigation in
[8] presents cooperative perception algorithm for a few nodes that adopt a single-node sensing scheme in
accordance with SR with an improved Quantum Manta-Ray Optimisation. The method improves detection
accuracy in low SNR scenarios. The algorithm developed in [9] leverage on customised nonlinear systems to
extract weak fault signal concealed in noise, extending beyond conventional SR by adapting potential well
structure for effective noise-to-signal transition. Heuristic techniques notably the firefly algorithm (FFA) was
developed in [10] to determine the appropriate amount of noise and SR parameters, leading to improve
probability of detection (Pd) of the system’s weak signal.

An innovative spectrum detection method that employs SR to strengthen primary user’s spectrum
detection accuracy was presented in [11]. With a constant false alarm probability, the technique detection
probability outperforms typical energy detectors in low SNR environments, while maintaining the same
computational complexity. Jiang et al. [12] suggested an SR-based algorithm for cooperative spectrum sensing
in low SNR environments. The technique incorporates technologies that resulted in improved Pd and
minimised error rate, specifically for licensed users in cognitive radio. The study in [13] put forward a novel
approach leveraging adaptive SR networks, designed to enhance parameter estimation of wireless channel in
low SNR environments where typical approaches underperform. The SR network’s capability to boost the
signal strength through the incorporation of noise is exploited in this approach, thus resulting in improved
detection sensitivity.

The challenge of improving spectrum detection in low SNR has been tackled across studies on SR-
aided ED. However, several study gaps and unsolved challenges exist in some of the published literature. The
existing SR models often consider conceptual additive white Gaussian noise (AWGN) scenarios. Researchers
are yet to explore how complex, unpredictable NU, licensed user interference, and signal clipping impacts SR-
aided ED accuracy and reliability in fluctuating RF surroundings. The conventional SR systems were designed
for straightforward periodic signals; to deal with non-periodic, multi-carrier signals, SR systems require robust
approaches.

The SR parameter selection and the accurate estimation of noise power are very important for SR-
aided ED algorithm efficiency. In real-world situations, noise intensity fluctuates tremendously in response to
the surrounding conditions and interference. Due to the intrinsic NU, it becomes challenging to develop robust
SR-aided energy detectors that could perform effectively and appropriately. In this study, we combine multi-
taper spectral estimation (MTSE) approach with a Gauss-Seidel-like iteration method in SR-aided ED to
address some of these challenges.
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3. DEVELOPED NETWORK MODEL FOR SR-AIDED ED

The SR-aided ED model shown in Figure 1 is designed for orthogonal frequency-division
multiplexing (OFDM) transmissions [14], [15] in AWGN channel, aiming to improve weak signal detection
accuracy by precisely injecting noise into the system. A key performance metric for the SR system’s efficient
operation is the SNR gain, indicating an increased SNR post-SR enhancement.

Noise

Uncertainty Energy Decision PU
spectrum making [—>Present
computation /Absent

OFDM SR
Transmitter System

Signal
Clipping

Threshold
computation

Figure 1. SR-aided ED network model. The model utilizes an input signal, an injected controlled noise
source, and a nonlinear bistable system to enhance weak signal detection

3.1. ED that incorporates NU

Accurate noise power estimation is very important for ED systems to perform effectively, while an
incorrect estimation results in an increasing probability of false alarm P, and undesirable SNR wall [16]. Ina
situation where there is x dB of inaccurate measurement of interference and noise power. The probable value
of the interference power, g2 can take any number of values between the interval defined by ¢210~*/19 and
0210%/10) expressed as o2 € [10~ /1942, 10*/1042] [17]. Where o, denotes noise variance while 10%/1°
equate to uncertainty factor, p, of the noise incorporated into the noise model, given a threshold that p > 1. It
has become common knowledge that the uncertainty factor p = 1, provided there exists no variations in the
noise power value [18]. It is possible to define in just one interval the uncertainty that results from the
distribution of noise o € [0,7/p, po]. Thus, the equations defining the Py, and probabability of detention, P,
for an event that integrates NU are defined as follows [14], [19]:

Agp—No3 AED—NNUPOE
Pr, = max Q| —/— | =0 |———— 1
fa o202/ p.pol] 2N po2\ /2NNy @
p = Agp—N(oZ+SNRo3) | _ 0 Aep-Nnu(o2/p+SNRaZ/p)
=

min Q| 2cleheaed) ) )
o2€loy/p.poq) /2N(aﬁ+5NRa§l)2 \/ZNNU(aﬁ/pHNRaﬁ/p)Z

If X represents a beta-distributed random variable defined by the shape parameters alpha («) and beta (8) [20],
then the mean is calculated as follows:
a
E(X) = betarnd(a,B) = vy 3)
The actual noise variance is expected to be distributed within a range determined by a lower bound (x,,,;, =
a2 /p) and an upper bound (x,,., = po2). We can estimate the noise variance, ¢ by incorporating the beta

random variable into the uncertainty range [X,in, Xmax], Which produces one specific variance realisation for
x dB uncertainty thus,

Ur%,NU = Xmin + (Xmax — Xmin) X betarnd(a, ) 4)

Considering equal parameters (o = f3), the probability distribution is symmetric around the mean of 0.5. Then,
(4) is reformulated as:
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O—T%NU_O_n/p-l_(po—n_o—n/p)XOS (5)
A(1+p?
oy =" (2;p : (6)

o vy represent noise variance that incorporates NU. We use (6) to simulate a fluctuating noise variance by
applying beta distribution. It precisely quantifies uncertainty by adapting the beta-distributed random variable
to the interval [x,in, Xmax]- This approach allows for achievable Monte Carlo simulations by mimicking the
unpredictability nature of real-world noise.

3.2. Signal clipping

Clipping induces signal distortion and degradation. To restrict a signal when it crosses a specific
threshold, the threshold must be lower than the signal’s highest point for clipping to hold true. Figure 2 shows
clipping in a three-dimensional (3-D) visualisation. The basic concept of the clipping signal approach involves
establishing the clipping threshold at the signal’s peak amplitude prior to any processing.
a.  Firstly, we analyse the entire modulated signal to find its peak absolute value of the amplitude.

Amplitudeyeq, = max(|s(t)])
b.  We defined the clipping threshold, T,, equal to the peak amplitude, thus
T, = Amplitudepeqi

c.  Finally, we clip the signal by applying hard clipping to each sample of the signal, s(t), according to the
following function, which makes the output signal y(t) [21]:

y@®) =T if s(t) > T,
y(@©) = -T if s(t) <-T,

y@) =s@ ifls@O < T,

Clipping
, threshold
/ +Te

\\\\\‘

0‘1‘//

7y Clipping
//_ threshold
(-Te)

Figure 2. Three-dimensional plot of clipped signal

3.3. SR system

A stochastic differential equation (SDE), such as the Langevin equation for a bistable potential is used
to represent the SR system, which is the main component of the method. A nonlinear system described in [22]
with evenly distributed double well potentials is represented by U(x, t).

UG, t) = —Sx(6)? + 2x(t)* @

The parameters a and b of the SR system are responsible for determining the dimensions and depth of the
potential well [23], where a, b > 0. When an input periodic weak signal at time t, s(t) = Acos(2nf,t), and
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Gaussian noise n(t) are applied to this bistable system, the conventional overdamped bistable SR has the form
thus [22], [24]:

dx(t) _ U (x,t)
ac dx

+ s(t) + n(t) (8)

The amplitude of the weak periodic signal is denoted as A4, and f; is the driving frequency. The two stable

positions of bistable system are +x = +./a/b = +c, and when the potential height centered at the origin, x, =
0, the barrier height U, = AU = a?/4b. The condition r,, = 2f, according to the two-state theory SR, refers
to “stochastic matching,” where the mean waiting time (1/ry) for noise-driven transitions matches half the
period (1/f,) of the ambient signal [25]. This synchronisation optimises the system’s response to a weak
periodic or aperiodic signal in the presence of noise. Where 7 is the Kramers rate and is defined as:

g = \/% exp (— %U) ©)

D is the Gaussian white noise intensity. A typical simplified equation derived from two-state theory relating
SNR to 7y is:

nAZrK

SNR ="
4D

(10)

In (10) states that in a bistable SR system, SNR is directly proportional to r; of state transition, it predicts a
maximum SNR output at a specific noise intensity. In this study, the fourth-order Runge-Kutta (RK4) technique
[26] is employed to model the bistable SR system. The SDE under investigation is:

PO _ D _ £y, 6) +5(t) + n(t) = ay — by® +s(t) +n(t) (11)

dt dc

Where s(t), y(t) are the input and output signal at the SR system respectively. a, b are potential barrier SR

parameter, and n(t) = vVD&(t) is the noise input, &(t) represents Gaussian white noise with zero mean and
unit variance. To estimate the signal output at the SR system quantitatively, we apply RK4 approach with a
step size h. Finding the four successive slopes (K, K,, K3, K,) results in the recursive discrete iteration of the
present value y, to the subsequent value y,, .

Ky = hlay, — byr% + 5, +1ny]
k k)3
Kzzh[a(yn+71)—b(yn+71) +sn+nn]
k k)3
K3=h[a(yn+72)—b(yn+72) +sn+1+nn] (12)

K, = h[a(yn + K3) - b(Yn + K3)3 + Sp41 t+ nn]
1
Yn+1 =Yn g (Ky + 2K, + 2K5 + K,)

3.4. Mechanism of the multi-taper spectral estimation

Prior to SR processing, a MTSE technique was utilised to improve spectrum estimation precision,
aimed at reducing the high variance and spectral leakage problems inherent in single-taper methods. The MTSE
technique estimates the power spectral density (PSD) of a signal [27] by averaging many modified
periodograms calculated, each with a distinct taper [28], [29]. The optimised spectrum is subsequently used for
the adaptive selection of SR parameters using the Gauss-Seidel-like iteration method. The MTSE processes of
the input signal used in this study are as follows:
a. Fori=1,..,4, received signal y[n] through the noise channel of the total length L;,;4; is divided into

adjacent segments y;[n]:

y, =y [n + (i—l)Ltotal] , o<n< Lt(;tal (13)

2 =

b. The PSD of each segment y;[n] is estimated by applying the multi-taper method. The estimate E;(f) for
segment i with a time-bandwidth product NW; can be described as the mean of K; = [2NW; — 1] distinct
“eigen taper” estimates:

B = 4 B [Z Wi (VWD) » il exp =27 (14)
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Where w,, , (NW;) denotes the Slepian tapers [27], [30], [31]. The decision to choose K = 2NW — 1
tapers guarantee only sequences with high energy density across the band of frequencies (—W,W). The
variable NW represents the estimated frequency density, N denotes the number of samples, W denotes the
needed amount of bandwidth. To reduce spectral leakage, adaptive multi-taper estimation with specific weights
w, ¢ (f) according to the eigenvalue A, across the band of frequencies (—W, W) of each Slepian taper or
discrete prolate spheroidal sequence (DPSS) is defined thus:

Ak

S PP 1o
where S(f) is the tapered periodograms.
c.  We sum the estimated PSD to obtain averaged spectrum My, qge (f)-

MAuerage(f) = Z‘zt El(f) =E +E,+E+E, (16)

d.  The destination variable M;,,, is determined from the portion of the summed spectrum and stored for
simulation or analysis. Minpue = {Maverage F)If € Nirainea sampie} indicates that the model’s input
My is generated by applying an averaged spectrum function My,e,qg4. 0N each distinct sample in the
training set Niyqinea sampie- WNere Nerginea sampie 1S @ specific number of time-domain training samples,
corresponding to the system’s fast fourier transformation (FFT) size, that uses controlled randomness to
push an SR system into a state of optimal performance and for determing ideal values of a, b and D. The
FFT sizes are generally a power of 2 (e,g., 256, 512, 1024, 2048).

The MTSE process above integrates spatial smoothing through segmentation and spectral smoothing
by carrying out variable multi-tapering. The multi-taper method optimises SNR estimation by offering high
quality PSD, adaptable weighting for optimal result in fluctuating noise environments.

3.5. Estimation of SR parameters
The estimation of optimal SR parameters is often expressed as an argmax operation in relation to
SNR gain. We perform the optimization process as follows:

Bopt = argmax f(6) = argmax SNR output a7
) 8

where 6 is the set of SR parameters a, b, and D to be estimated, f is the objective function for the output SNR
or SNR gain. The SR parameters are updated successively using a Gauss-Seidel-like iteration method [32],
wherein the value of k-th parameter reusing the most recently estimated values of the remaining parameters.
The iterative estimation is predicated on the empirical detection probability, P;. Using MATLAB to calculate
the detection threshold A, for the system parameters, we consider the number of training samples
Nirainea sampie, @nd the false alarm probability, Pfa, by applying a Chi-square distribution,

A= ChiZinU(l - Pfa, Ntrainea sample) (18)

For a set of probable values z € H (where H = {0.01, ..., 1}), we computed the numerical P, by
taking the average of N test result.

Py(z) = ~ 21 [(ZISRpuel? = 2) (19)

where |(-) denotes the indicator function, SR,,; = y sz is the signal output of the Runge-Kutta 4th-order
solver. The first raw estimated value of a,.,,, is determined across the evaluation space H based on combined
total detection probabilities:

Araw = H([Xzen Pa(2)]) (20)
Finally, if the variation in P; (AP;(z) > 0.2), a small correction is added to a,.,, .

g1 = Qpgy + 0.05
The value of the parameter a,,, is first updated using the initial values b, and D,. The parameter by,

subsequently gets estimated, using the most recent estimated a, ., and D,. The parameter D, , is estimated
lastly, using the newly calculated values ay.,, and by .
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3.6. Formulation of the SNR gain for SR system
The average SNR at the input of SR system is,
A

thy 1)

20q

SNRinput =

The optimum SNR gain can be attained through the dynamic adjustments of the added variance of the noise
power o with the variable U,. The SNR output at SR system is calculated thus [33]:

SNRoutput = %e—wo/(ﬂ%+0§o(om)) (22)
TR+ TRy opt))

The optimum value of a,fo(opt) can potentially be derived by setting the derivative of SNR output with
respect to cr,fo to zero, (6SNRoutput/6o,fo) = 0. We achieved this optimisation by an analytical method that
determines the ideal settings that improve SNR gain. The product rule in calculus is applied for (22) to get the
differential equation between two functions that are multiplied together. Let,

4242, U _ 24 g2
u= \/—7"102 V= exp ZUO/(Un+f7n0(opt)) and SNRoutpue = UV
2 2
(o + 070 copn))
aSNaRo;,tput _ _ 4V24%Uo X 20, zexp—zuo/(a,%wflo(om) + exp—zuo/(a,%w,zlo(opt)) %
o (6721“77%0(0120) (J721+”rzlo(0pt))
SﬁA-?nUO(U-,ZﬁU.,ZIO(Opt))
. T =0 (23)
(o470 0pt))
2 2 2 2
8v2A%, U} _ exp_zuo/(u%"'o-rzlo(opt)) _ 8V245,Uo (08 +02, (opt)) exp—zuo/(a%mflo(opt)) (24a)
(o +0h00p0) (o407 opn))
Uy = 02 +a0? (24b)
0 n ng(opt)
From (24b), the optimum theoretical value of .2 is determined, giving us the result.
no(opt)
2 — 2
Gno(opt) - UO — On (25)

It is possible to evaluate the SNR gain through incorporating the following (21), (22), and (24b).

SNR __ SNRoutput __ 8203 26
gain — ; T exp? (26)
SNRinput exp-Up

The effective manipulation of the SR variable U, can guarantee a higher SNR output than the SNR
input (SNR oy eput/SNRipue) > 1, if

8v2o3
exp?

Uy > 27)

where the potential barrier height, U, = a?/4b.

3.7. A novel analytical model for the detection probability of SR-aided ED

In an analytical approach of SR-aided ED, a nonlinear system is used to improve the detection
probability of weak signals. This is accomplished by transitioning the energy of noise into the energy of
valuable signals. The mathematical equations of SR-aided ED offer important understanding of the internal
processes and factors necessary for optimising the detection accuracy of a poor signal. In (2) represents the
probability of detecting the conventional ED for an event that incorporates NU. The SNR in (2) is the average
SNR at the input (SN Ry, ) Of SR system. From (26), the SNR at the output of the SR system is calculated as
follows.

8203
exp2Uy

SNRoutput = X SNRinput (28)
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By incorporating (28) into (2), a novel analytical expression for SR-aided ED is developed.

3‘/50;}15NRin ut \
/AED—NNU(G%/P+TU0PP>
Pysp=Q|

2
sﬁ”;}lSNRin ut
\ J e e e

where P, p is the detection probability of SR-aided ED. Using a straightforward energy detector method, the
test statistic Ts sr for SR-aided ED can easily be computed.

(29)

Ts sp = Ym=1 |J’(t)_5R |2 (30)

where y(t) sp represents the signal output from the SR system. Test statistics, or calculated energy, are
compared to the predefined ED threshold Agp.

a. IfTs gp > Agp, signal is present.

b. IfTs s < Agp, signal is absent.

For a specific Py, value, the ED sensing threshold Az, is computed as follows:

Aep = (Q7*(Pr)V2N + N)o? (31)

3.8. Flow chart for simulating the developed SR-aided ED process

Figure 3 illustrates the flow chart of SR-aided energy detector that incorporates MTSE approach with
Gauss-Seidel-like iteration method. The diagram provides a systematic overview of the entire process, starting
from the initial signal acquisition to the final decision-making stage. Furthermore, the flowchart highlights the
integration of SR parameters optimization as a critical step in enhancing the detection of weak signals.

3.9. Simulation’s parameters

In this study, simulations are done with MATLAB version 2024b simulator and 5,000 Monte Carlo
simulations were run to achieve the desired outcome. For simulation parameters, see Table 1. These parameters
are carefully selected to reflect the standard specifications of an OFDM-based communication system under
various SNR conditions. The use of a high number of iterations ensures the statistical reliability of the results
and minimizes the potential for detection errors.

Table 1. Simulation parameters

Parameters Type/Value
Bandwidth/Subcarrier spacing 10 MHz/15 KH
Carrier frequency offset (CFO) 0.3

PU signal transmission type OFDM

Radio frame length 10 ms

Number of transmitting antennas 1

Number of receiving antennas 1

FFT size 1024

OFDM Symbols 14

Number of training samples 512

OFDM type (constellation) QPSK
Number of cyclic prefixes 7

Noise channel model AWGN
Probability of false alarm 0.1

Number of Monte Carlo simulations 5,000

The SNR value at the point of detection of the SU -15and -10 dB
Step size h 0.1

SR parameters a, b and D
Target Py and Py,

Dynamically estimated
90% and 0.1

Stochastic resonance-aided energy detection for RF- powered cognitive ... (Henry Onyemauche Osuagwu)
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Figure 3. The flow chart of the developed SR-aided ED. The process starts with signal processing, followed
by signal analysis and SR parameters optimization, energy calculation and decision-making process for weak

signal detection
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4. RESULTS AND DISCUSSION
4.1. Plot of output SNR against noise intensity

The output SNR against noise intensity D typically exhibits a bell-like shape curve reaching its peak
at optimal noise intensity. As shown in Figure 4, the variation in SR parameter ‘b’ is often connected to
potential barrier slope. A higher ‘b’ promotes optimization of SR system ability to detect weak signal, leading
to improved maximum attainable SNR and performance enhancement in low noise environments. A decreasing
‘b’ requires more background noise to induce transition, leading to decreased peak SNR output and faster
performance degradation.

4.2. Receiver operating characteristics (ROC) curve

The variation in the probabilities of detection in relation to the false alarm probability at SNR =
-15dB and -10 dB is illustrated in Figure 5. The performance comparison of the developed SR-aided ED and
the conventional ED in relation to the ROC curve was demonstrated. Higher SNR indicates increased
probability of detention. The Pd improves with an increase in false alarm probability at a given SNR value.
Observe that as the SNR decreases, the overall performance approaches to a potential diagonal where Pd =
Pfa. Under the same false alarm probability conditions, the developed SR-aided ED outperforms the
conventional ED.

Optimal Noise
Intensities

-4 —e—a=],b=1
4
—a=1,b=09
-6

/ a=1,b=08

Output SNR (dB)

S0 L I L I I I . L I
0 0.2 04 0.6 0.8 1 1.2 1.4 1.6 1.8

Noise Intensity D

[§)

Figure 4. Variation of the output SNR against noise intensity (D) at varied SR parameter
(b = 0.8,0.9, and 1) with fixed value a = 1

0.7
0.6 ?/
|

Detection (Id)

—#*—ED, SNR = -10dB

=
IS
T

—*—ED. SNR =-15dB

—6—SR-ED, SNR =-10dB

Probability of

—&—SR-ED, SNR = -15dB

0 0.1 02 03 04 05 0.6 0.7 08 0.9 1
Probability of False Alarm (Pfa)

Figure 5. Plot of ROC curves in AWGN. The graph depicts the Pd versus false alarm probability (Pfa) for
SNR =-15dB and -10 dB

4.3. Plot of simulation and theoretical results of SR-aided ED

Validating the developed SR-aided ED model demands comparing theoretical data with simulated
outcomes, to support comprehension of the system’s functionality under varying conditions. The detection
probability of the theoretical SR-aided ED is a numerically calculated value generated from statistical
algorithms and system hypotheses, optimally designed for performance under ideal conditions. In contrast, the
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simulated results of the detection probability are obtained using Monte Carlo simulations that account for
unpredictable conditions, with more investigation resulting in better accurate performance. The comparison of
theoretical and simulation data confirms the accuracy of the developed model and guides its implementation
in a specific set of conditions. The discrepancies between simulation and theoretical results, as depicted in
Figure 6, represent not a deficiency but an inherent aspect that helps with model validation, which reveals real-
world phenomena such as signal distortion and CFO that are absent in the theoretical algorithm.

4.4. Performance of SR-ED and ED in NU

NU in receiving equipment can range from 1 to 2 dB, impacting ED spectrum sensing methods.
Incorrect noise power calculations can affect ED functionality. As shown in Figure 7, at 0 dB NU, SR-aided
ED achieved 90% detection probability at -11 dB with a 12.5 dB SNR gain. At 3 dB NU the energy-based
detection degrades by 5.5 dB, leading to high false alarm rates of 77%. SR-aided ED, on the other hand, shows
robustness at 3 dB NU. At 10 dB NU, the conventional ED method is ineffective in identifying the difference
between noise and signal power, triggering 99% false alarm probability. Though the developed SR-aided ED
degraded by 6 dB, it still guarantees 1% false alarm probability.
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03 - ©—SR-Aided Energy Detection - Simulation
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Figure 6. Plot of Pd versus SNR (dB) for SR-aided ED. It illustrates comparison between the simulation
results and theoretical predictions at Pfa = 0.1
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Figure 7. Plot of Pd versus SNR (dB) under variable NU. The graphs depict performance at NU values of
0 dB (Ideal), 3 dB and 10 dB. Simulations were run with a constant Pfa = 0.1

4.5. Performance of SR-aided ED and the conventional ED when the modulated signal is clipped

Figure 8 shows the impact of subjecting modulated signal to clipping at varying levels of 0%, 30%,
50%, 70%, and 100%, for both conventional ED and the developed SR-aided ED. While the percentage of the
clipping threshold of modulated signal increases, the conventional ED method Pd degrades until the detection
probability dropped to zero at 100% clipping threshold. In contrast, the developed SR-aided ED shows
robustness to clipping at varied threshold levels, which confirms its capability to distinguish between signal
and noise power in communication systems.
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4.6. Developed model comparison with existing published model in the literatures

Table 2 presents a comparison between the developed model and the experimental results reported in
[3], [34] for the single-input-single-output (SISO)-OFDM and 2 x 2 multiple-input-multiple-output (MIMO)-
OFDM systems, with a predetermined probability of false alarm, Pr, = 0.1. Table 2 illustrates how MIMO
networks significantly improve detection probability in ED relative to single input single output (SISO)
networks by using transmission diversity and spatial data. This improvement is apparent owing to MIMO’s
reliability and its use of multiple antennas that boost efficiency and robustness. MIMO systems, at a target
probability of 90%, achieve better detection accuracy in low SNR conditions at -3 dB, outperforming SISO
networks. However, MIMO systems increased power consumption owing to additional antennas, complex RF
and signal processing circuits, and extra processing components. In performance comparisons of the developed
SISO SR-aided ED model against an energy-based detector for MIMO-OFDM systems in [34]. The developed
model achieves a better SNR gain of 12.5 dB with low power consumption due to single antenna
implementation, outperforming the MIMO-OFDM model in [34] that presents a 7.5 dB SNR gain.

—8—ED-AWGN=0% Headclip
0.9 == ED-AWGN=30% Headclip
= 8- -ED-AWGN=50% Headclip
0.8 8— ED-AWGN=70% Headclip
ED-AWGN=100%
0.7 || —#—SR-ED-AWGN=0"
= %= SR-ED-AWGN=30
0.6 |- = -SR-ED-AWGN=50
#— SR-ED-AWGN=70% Headclip
SR-ED-AWGN=100% Headclip

Probability of Detection (Pd)

Figure 8. Plot of performance comparison of SR-aided ED and the conventional ED methods under hard
clipping distortion. The graphs show the impact of varied clipping levels (between 0 and 100%) on Pd versus
SNR (dB), evaluated at 0 dB NU

Table 2. Developed model comparism with existing models in literature

Number of antennas and Modulation Number of sample/OFDM False alarm probability, P;, at ~ SNR at target
reference type symbols NU=0 P; =90%
Conventional ED SISO- QPSK 1024 0.05 1.5dB
OFDM

SISO-OFDM [34] QPSK 1024 0.01 4.5dB
MIMO-OFDM [34] QPSK 1024 0.01 -3dB
Developed SR-aided ED QPSK 1024 0.01 -11dB
SISO-OFDM

5. CONCLUSION

This study presents a novel, highly precise spectrum detection methodology for SR-aided energy
detectors that combine MTSE technique with an iterative Gauss-Seidel-like method to improve detection
performance and reduce NU impacts. The derived Pd for the SR-aided ED method was validated by comparing
the theoretical and simulated results, hence confirming the accuracy of the analytical model formulation.
Simulation findings show that the model is adaptive to NU, attaining high detection accuracy in extremely low
SNR environments while guaranteeing a false alarm probability of 1%. The developed model proves robustness
to signal clipping, establishing its capability to distinguish between signal and noise power in communication
systems. This study also demonstrate how properly controlled noise can raise weak signals above detection
threshold, making them detectable. Such findings are especially important for 5G networks, where signals are
vulnerable to interference caused by geographic constraints. Implementing SR as an initial processing stage
may improve SNR prior to detection, resulting in better signal reception and overall system efficiency.

While the combined MTSE and Gauss-Seidel-like iteration techniques for SR-aided ED shows the
potential to improve weak signal detection in CRNs. Future research will focus on its implementation in
hardware platforms, such as a Software Defined Radio (SDR), to evaluate the technique in practical
applications. The study will be extended to include more complex fading channels for realistic simulations.
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Further research will be conducted to investigate the incorporation of this methodology into a corporative
spectrum sensing framework that involves multiple SUs.
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