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ABSTRACT In order to address the issue of limited sensing accuracy in traditional spectrum sensing
algorithms within low SNR communication environments, a novel multi-node cooperative sensing method
is proposed in this work. In this approach, each node utilizes a stochastic resonance sensing model
for information detection, while the OR criterion is employed to fuse information from multiple nodes.
In situations where user presence cannot be reliably determined, each node simultaneously transmits signal
energy values and SNR for weighted fusion. Morevover, the weighted fusion stage focuses primarily
on determining the weight coefficients of each node. To achieve this efficiently, a Quantum Manta-Ray
Optimization Algorithm capable of selecting these weights effectively, is proposed. While comparing with
the other existed methods, this method can exhibits superior sensing efficiency and get the excellent sensing
performance. The algorithm’s perceptual accuracy is enhanced by over 5%.

INDEX TERMS Spectrum sensing, stochastic resonance, cognitive radio, energy detection algorithm.

I. INTRODUCTION
The exponential growth in the user base of radio networks
has created significant challenges and put immense pres-
sure on wireless communication networks in the era of
information technology [1]. However, the radio spectrum,
encompassing electromagnetic wave frequencies ranging
from 0 to 3000GHz, is a limited non-renewable resource
in the natural environment. As society advances, there is
an increasing demand for radio spectrum, leading to its
depletion and exacerbating conflicts between demand and
availability. This highlighting the pressing need to address
this issue in a smoother and rigorous manner that aligns
with the requirements set by Nature Journal [2]. With
the Internet era’s advent, people’s proficiency and reliance
on wireless communication equipment are escalating [3].
However, at this stage, the insufficient allocation of spectrum
resources fails to meet users growing demands, consequently
leading to increasingly instensified conflicts. Consequently,
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the inability of the idle spectrum to meet the demand become
an urgent problem that countries urgently must overcome [4],
[5], [6].

Moreover, Cognitive Radio was proposed by Mitola which
is a new theory, and applied low spectrum utilization [7], [8].
It is mainly a kind of radios that can dynamically observe
and learn from the surrounding electromagnetic environment,
and autonomously allocate and control spectrum resources
dynamically according to the current spectrum resource
obtained from the perception [9]. The primary objective of
the CR technology is to efficiently allocate the available
authorized frequency band to secondary users upon detecting
underutilization by primary users, leading to facilitate
optimal utilization and sharing of spectrum resources. More-
over, this technology can significantly enhance spectrum
utilization rates. However, at the level of spectrum sharing
allocation, it becomes imperative to consider potential
interference caused by sub-users on primary users. Hence,
sub-users must adhere to interference constraints while occu-
pying authorized frequency bands to ensure uninterrupted
communication and information transmission for primary
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users [10]. Furthermore Cognitive Radio is widely used not
only in the signal recognition but also other fields [11], [12].
Spectrum sensing serves as the initial stage of cognitive radio,
with the primarily objective of understanding the wireless
environment to identify spectrum gaps and then transmitting
this information to cognitive users [13], [14]. Two main
types of perception algorithms exist, single-user perception
algorithms and multi-user cooperative perception algorithms.
The former includes three classic types of perception
algorithms are energy detection algorithms [15], matched
filter perception algorithms [16], [17], [18] and cyclic smooth
detection algorithms [19]. The energy detection algorithm is
computationally efficient and straightforward not requiring
the prior knowledge of the detection signal for perception.
However, its performance degrades significantly in low SNRs
scenarios [20].

Literature [21] proposes an enhanced energy detection
algorithm tailored for intelligent reflecting surfaces incor-
porating spectral sensing and considering the direct link
between primary users and the secondary users. Additionally,
a cooperative spectrum sensing method and the method of
multiple Intelligent Reflecting Surfaces(IRS) are suggested
to enhance the sensing method. Experimental results affirm
the superior performance of the proposed sensing algorithm.
Literature [22] introduced a novel approach by propos-
ing the utilization of median absolute deviation statistic
for estimating the noise variance in threshold evaluation.
Through a comparative analysis of experimental results,
it becomes evident that the method has been proposed in
this paper outperforms both traditional energy detection
algorithms and deep learning-based detection algorithms.
Moreover, the cyclic smooth feature detection algorithm
analyzes the correlation function of the signal spectrum.
In literature [23],a spectrum sensing algorithm utilizing
cyclic smooth feature detection and Hilbert transform is
presented. The proposed algorithm demonstrates effective
signal-type detection even in low SNRs scenarios, exhibit-
ing superior sensing performance. Nevertheless, the cyclic
smooth detection algorithm’s higher complexity and longer
detection time make it challenging to the of agile spectrum
sensing in CR.

Aiming to address the issue of poor perception per-
formance among single node users, several scholars have
proposed collaborative spectrum perception methods. These
methods consist primarily of two types of algorithms: cen-
tralized collaborative sensing and distributed collaborative
sensing [24], [25], [26]. The two perception algorithms
constitute a collaborative perception architecture in which
each node senses the channel and then fuses the sensed infor-
mation. Compared to the traditional single-node perception
algorithm, the multi-node collaborative perception algorithm
can significantly improve the effectiveness of spectrum
perception. However, there are several areas within the
collaborative approach and information fusion that require
further improvement.

Energy detection algorithm plays an important role in
cognitive radio. literature [27] presented a low-complexity
and energy-efficient method for sensor selection during
cooperative spectrum sensing. This approach aimed to min-
imize the energy consumption of the cooperative spectrum
sensing scheme through the selection of only a minimum
number of sensing nodes. Furthermore, the computational
complexity introduced in literature A was significantly
reduced compared to traditional algorithms. Addressing
the challenge of countering spectrum sensing data forgery
attacks, literature [28] introduced a distributed cooperative
sensing algorithm. This algorithm considers each secondary
user as an agent and employs reinforcement learning to facil-
itate its interaction with neighboring nodes. Experimental
results demonstrate that the proposed algorithm effectively
detects and mitigates interference caused by malicious users.
Recognizing the susceptibility of single node sensing to
noise uncertainty, literature [29] proposes a cooperative
spectrum sensing algorithm that applies energy detection
and Sevcik fractal dimension. The adaptive threshold energy
detection algorithm is used for signal detection and judgment.
Simulation results demonstrate superior detection perfor-
mance under noise uncertainty compared to other algorithms.
Moreover literature [30] proposes a collaborative energy
detection algorithm that enhances perception by applying
only the mean and variance of the detection statistics. The
authors substantiate the efficacy of the algorithm in various
prevalent fading scenarios, including slow fading, block
fading, and fast fading. Simulation results showcase that
this proposed algorithm significantly outperforms traditional
spectrum sensing algorithms.

Despite the extensive research conducted by scholars on
spectrum sensing algorithms and the proposal of more effec-
tive alternatives to traditional methods, challenges persist
in terms of poor sensing performance and unsatisfactory
detection accuracy, particularly in low SNR environments.
The perception algorithm, being the fundamental technology
in cognitive radio (CR), serves as the basis for achieving
spectrum allocation. [31] To address the issue of inadequate
performance exhibited by existing spectrum sensing algo-
rithms under low SNR conditions, this paper investigates
and enhances traditional energy detection algorithms to
mitigate the impact of low SNR and enhance overall sensing
performance.

This paper presents a novel multi-node cooperative
perception algorithm, the Multiple Stochastic Resonance
Algorithm(MSRA). For single-node perception, a model
based on stochastic resonance is employed, while for
multi-node cooperative perception, a model solved by
intelligent algorithms is utilized to enhance perception
effectiveness. The performance of MSRA is validated by
comparing it to cutting-edge perception algorithm under low
SNR. Since MSRA is a multi-node collaborative perception
algorithm, it can alleviate some of the perception errors or
malicious attacks that users may encounter [32]. To sum
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up, the primary contributions of this study are outlined as
follows:
• The stochastic resonance algorithm is employed as
a single-node sensing model, integrated into the
multi-node cooperative sensing framework to enhance
accuracy in scenarios with a low SRN scenarios.

• The quantum manta ray algorithm is applied for
weight selection in the multi-node cooperative sensing
algorithm, aiming to acquire enhanced weights leading
to improved sensing outcomes.

II. ENERGY DETECTION SENSING MODEL
In the cognitive radio technology domain, the primary
emphasis is focused on proficiently sensing and discerning
the presence of authorized spectrum users, known as primary
users. When the authorized spectrum is indeed occupied by
primary users, secondary users receive signals involving both
primary user transmissions and ambient noise. In opposite,
when the authorized spectrum is available, secondary users
primarily detect noise. Therefore, this spectrum sensing
process can be represented as a binary hypothesis model:

y(t) =

{
n(t), H0

x(t)⊗ h(t)+ n(t), H1
(1)

where h(t) indicates the channel gain characterized by
Gaussian white noise. Moreover, H0 signifies that the
current channel is unoccupied by a primary user, denoting
an available authorized spectrum. However, H1 suggests
that the current channel is occupied by a primary user,
yielding an unavailable authorized spectrum. In addition,
the performance metrics of the binary hypothesis model
are primarily characterized by their probability of detection
Pd , probability of false alarm Pf , and probability of miss
detection Pm.
The detection probability Pd = P(H1|H1) quantifies

the likelihood of the secondary user accurately in detecting
its within the authorized band. Moreover, the false alarm
probability represents the likelihood that the secondary user
incorrectly determines the authorized band occupation of the
primary user, even though the primary user is not using it.
In other words, Pf = P(H1|H0).
As for the missed detection probability,it refers to the

likelihood that the secondary user incorrectly defines that the
primary user is not occupying the authorized channel, even
though the primary user is utilizing the designated frequency
band. This is denoted as Pm = P(H0|H1).
Therefore,the single-threshold energy detection algorithm

is basically employed to assess the presence of the primary
user utilizing Eq. (2) after computing the energy value derived
from the sensed signal y(t). This is modelled as follows:

D =

{
H1, T > λ

H0, T ≤ λ
(2)

where λ represents the threshold value of the single threshold
energy detection algorithm. Moreover, H1 denotes the

presence of a primary user in the currently detected frequency
band, whileH0 reflects the absence of a primary user. Finally,
T refers to the detection statistic obtained through Eq. (3):

T =
N∑
n=1

|y(n)|2, (3)

whereN represents the total number of sampling points in the
sampled signal.

Consider that n(t) represents an additive white Gaussian
noise with a zero value and a variance of σ 2. Let T
denote the sum of squares of N Gaussian distributions,
followings a chi-square distribution. According to the central
limit theorem, when N is sufficiently large (≫ 20), the
chi-square distribution can be approximated by a Gaussian
distribution,denoted as follows:

T ∼

N
(
Nσ 2, 2Nσ 4

)
,

N
(
Nσ 2
+ Nps, 4Nσ 4ps

)
,

(4)

where ps = (
∑N

n=1 |x(n)|
2)/N is the average power of the

primary user signal. When the sensing threshold λ of the
energy detection algorithm is fixed and a sufficiently large
sampling point is selected, one can identify the false alarm
probability and the detection probability of the secondary
user, defined as follows:

Pd = P(T > λ|H1) = Q

(
λ− N (σ 2

+ ps)

σ
√
2Nσ 2 + 4Nps

)
, (5)

Pf = P(T > λ|H0) = Q
(

λ− Nσ 2

σ 2
√
2N

)
, (6)

where Q(x) = 1/
√
2π
∫
+∞

x e
−t2
2 dt . If the probability of

the false alarm is known, the detection threshold can be
determined as follows:

λ =
[√

2NQ−1 (Pf)+ N
]
σ 2

ω, (7)

In the a communication system, most of the noise
comprises a collection of independent noises, and what the
receiver receives is essentially amixture of noise and dynamic
interference. Changes in location, weather conditions, and
time can lead to variations in the noise variance, often referred
to as noise uncertainty of noise. Noise uncertainty,denoted
as ρ, is mainly used to describe the uncertainty of the
current noise variance. Moreover,ρ dynamically changes
according to the current channel environment, when the
channel conditions are favorable, ρ tends to be relatively
small,whereas the channel environment is relatively poor, ρ

will be relatively large. After introducing uncertainty E, the
actual variance of noise can be expressed as follows:

σ̂ 2
n ∼ U

(
σ 2
n

ρ
, ρσ 2

n

)
, (8)

where σ̂ 2
n represents the actual variance of the noise, and

σ 2
n denotes the normalized variance of the noise.
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After considering the noise uncertainty ρ, the detection
probability Pd and the false alarm probability Pf can be
obtained:

Pd = P(Y > λ | H1)min = Q

(
λ−

(
P+ σ 2

n /ρ
)

√
2/N

(
P+ σ 2

n /ρ
)) , (9)

Pf = P(Y > λ | H0)max = Q
(

λ− ρσ 2
n

√
2/Nρσ 2

n

)
, (10)

whereP = (
N∑
n=1
|s(n)|2)/N and s(n) is the primary user signal.

The double threshold energy detection algorithm primarily
determines the existence of the primary user by deploying
two distinct thresholds. The precise procedure for making this
determination is elucidated as follows:

Y =


H0

Notdecide
H1

E ≤ λlow
λlow < E ≤ λhigh

E >λhigh

(11)

where λhigh indicates the high threshold of the double
threshold energy detection algorithm, and λlow denotes the
low threshold. When the energy statistic T exceeds λhigh,
the secondary user perceives that the primary user occupies
the currently licensed frequency band. Conversely, when T
falls below λlow, it indicates that the secondary user believes
that the primary user does not use the authorized frequency
band. In cases where λlow < E ≤ λhigh, further assessment
is required to determine if the primary user occupies the
authorized frequency band.

III. MULTI-MODE COLLABORATIVE SENSING
ALGORITHM BASED ON STOCHASTIC RESONANCE
In this section, the double threshold energy detection
algorithm is enhanced by incorporating stochastic resonance
to address the suboptimal perception results observed in
single node perception. Hence, the proposed binary detection
model is determined as follows:

z(t) =

{
n(t)+ b(t), H0

s(t)+ n(t)+ b(t), H1
(12)

Reference [33] proposes an optimal stochastic resonance
probability density distribution function, expressed as
follows:

boptη = δ(η − β), (13)

where, in a signal with low SNR and small mean, the optimal
value βopt is determined as follows:

βopt =
µσ 2

s − µσ 2
n − µ3

µ2 − σ 2
s

, (14)

When dealing with single node perception and high
dynamic noise, inaccurate perception results and poor
perception effects may persevere. Therefore, to enhance
spectrum sensing performance in a high dynamic noisy envi-
ronment and improve detection efficiency, MSRA algorithm
is proposed.

The MSRA perception algorithm model is illustrated
in Figure 1. The perception model consists of M Second
Users(SU) and a data Fusion Center(FC). The SU user is
mainly responsible for (1) detecting the PU user’s signal,
(2) introducing the optimal SR in each path to improve
the signal perception accuracy, (3) calculating the signal
energy received by each SU for judgment, and (4) getting
the judgment result. When an accurate judgment cannot be
achieved, the FC will perform a weighted summation of
the detection statistics from each path and compare it to a
threshold value to elaborate the presence of the Primary User
(PU).

Referring to the stochastic resonance-based single-node
perception model, the statistical analysis of signal detection
can be expressed as follows:

TSR(r) =
N−1∑
n=0

|zi(n)|2, (15)

when the sampling point N is large enough, the detection
statistics follow the normal distribution. Therefore, the new
equation is expressed as follows:

TSR =

{
N (E0i,D0i) , H0

N (E1i,D1i) , H1
(16)

E0i = N
(
σ 2

ω + β2
i

)
, (17)

E1i = N
(
σ 2

ω + σ 2
s

)
+ N (µ+ βi)

2, (18)

D1 = 2N
(
σ 2

ω + σ 2
s

)2
+ 4N

(
σ 2

ω + σ 2
s

)
(µ+ βi)

2, (19)

Once the SU user calculates the detection probability of
the signal, it is evaluated. If the detection rate exceeds or falls
below the double-gate limit, it enables the identification of the
PU signal. However, if it falls within the decision threshold
range, it is subsequently transmitted to the data FC for further
deliberation. The SU user will make a judgment to determine
whether the PU exists. If the judgment fails, the FC will make
a judgment. Therefore, the SU’s decision model is given as
follows:

Y =


H0,

Not decide,
H1,

TSR(r) ≤ λlow
λlow < TSR(r) ≤ λhigh

TSR(r) > λhigh

(20)

Since the noise power in the real environment is dynamic,
the actual noise σ̂ 2

n conforms to the U
(
σ 2
n /ρ, ρσ 2

n
)
distribu-

tion, where ρ represents the uncertainty factor. The decision
thresholds λ are obtained from Eq.(7), while the double
thresholds λlow and λhigh are respectively by λ and ρ

λlow = λ/ρ, (21)

λhigh = λρ, (22)

When SU performs double threshold awareness, the
detected information is transmitted to the FC using 2 bits,
when the detection value of the SU node exceeds λhigh,
it transmits a value of ‘‘11.’’ Conversely, if the detection
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FIGURE 1. Multi-node collaborative perception model.

statistic falls below λlow, it transmits a value of ‘‘10.’’ In all
other cases, a value of ‘‘00’’ is transmitted. The judgment
criterion uses the OR criterion to decide, which can be
expressed as follows:

D =


1,

∑N

i=1
Ei ⩾ 10

0,
∑N

i=1
Ei < 10

(23)

where Ei represents the bit transmitted by the i-th secondary
user, while N denotes the total number of sensing nodes.

When the pass signal is not able to be detected by
the random resonance double threshold energy detection
algorithm, all the detection statistics are located between
λlow and λhigh, rendering it impossible for any SU to
determine the presence of a PU. Consequently, each SU
transmits its respective detection statistic Ti to the FC. In real-
world settings, the presence of noise inevitably impacts the
statistical analysis of the signal detection received by the
FC. Therefore, the actual received detection statistics are as
follows:

T ′i = Ti + ni, (24)

where ni represents Gaussian white noise characterized by a
zero mean and a variance of δ2j .

When defining about the existence of a PU, the judgment is
typically made through a weighted fusion process. As differ-
ent Sensing Units (SUs) are significantly affected by noise
in real-world environments, it is critical for the algorithm
to effectively optimize the weighting scheme. This involves
assigning higher weights to sensing nodes with lower noise
interference and smaller weights to those more affected by
noise, thereby improving the accuracy of perception. The

specific criteria for weight allocation are set as follows:

D2 =


1,

∑L

i=1
ωiT ′i ⩾ η

0, 0 ⩽
∑L

i=1
ωiT ′i < η

(25)

where wi represents the weight of detection information for
SU i. Moreover, the probabilities of false alarm and detection
are denoted as follows:

P′i = Q


η −

L∑
j=1

uσ 2
j ωj√

L∑
j=1

(
2uσ 4

j + δ2j

)
ω2
j

 , (26)

P′d = Q


Q−1 (Pf)

√
L∑
j=1

(
2uσ 4

j + δ2j

)
ω2
j −

L∑
j=1

uγjσ 2
j ωj√

L∑
j=1

2 u
(
1+ 2γj

)
σ 4
j ω2

j + δ2j ω
2
j

 ,

(27)

where γj represents the ambient SNR during data
transmission from the i SU to the FC.

Based on the aforementioned false alarm probability and
detection probability, it becomes clear that the detection prob-
ability is exclusively reliant on the weight when determining
the SNR, false alarm probability, and energy. Therefore, the
optimization problem primarily focuses on an optimizing
process, defined as follows:

maxP′d (28)

s. t.
L∑
j=1

∣∣ωj∣∣ = 1, 0 ⩽
∣∣ωj∣∣ ⩽ 1 (29)
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Algorithm 1 Collaborative Spectrum Sensing Pseudo-Code
Based on Stochastic Resonance
1: input: N ,number of sensing nodes,σ 2

w,σ
2
s , and δ

2: output: Channel state
3: procedure spectrum sensing(N,number of sensing

nodes,σ 2
w,σ

2
s ,δ)

4: Perform single-node awareness
5: for i← 1toN do
6: A single node perceives the channel(i)
7: end for
8: Fusion of multi-node sensing results
9: if ( thenD == 0)
10: Construct a multi-node collaborative perception

model
11: Using MSRA to solve the model
12: end if
13: end procedure

The pseudo-code of the whole algorithm is as follows:
The weights selection is extremely important, and rea-

sonable weight selection can better improve the perception
effect of the algorithm. Concerning the weights selection, the
QMROA is mainly applied. It will be introduced in detail in
the next section.

IV. THE QUANTUM MANTA RAY OPTIMIZATION
ALGORITHM
The Manta Ray Optimization Algorithm (MROA) is a novel
optimization algorithm proposed in 2020, revealing stronger
optimization capabilities compared to traditional heuristic
algorithms [34]. In this work,the Quantum Manta-Ray
Optimization Algorithm (QMROA) is proposed, leverag-
ing quantum computing techniques to further enhance its
optimization abilities. This algorithm consists of three
components incorporating quantum operators and utilizing
two states for representing an individual’s position. Notably,
improvements have been made to the chain-feeding and
spiral-feeding operators to bolster global optimization capa-
bilities and minimize the converging likelihood towards local
optima.

A. QUANTUM REVOLVING GATE OPERATOR
Compared to other heuristic algorithms, quantum algorithms
have significant differences. The most essential difference
is that such algorithms mainly have quantum superposition
properties and coherence properties. Moreover,in the quan-
tum algorithm, the solution set of the heuristic algorithm
does not consist of a fixed state, but a probability that
there may be various states. In addition, the state matrix
must be used for state transfer when the state is sent to
transform.

The selection of the initial state in QMROA primar-
ily relies on the use of the quantum revolving gate to
address optimal solutions, thus emphasizing its signifi-
cant impact on algorithm performance. The conventional

equation for the quantum revolving gate is expressed as
follows: [

αi,d
βi,d

]
=

[
cos θ − sin θ

sin θ cos θ

] [
αi,d
βi,d

]
(30)

where αi,d is the value of the i manta ray in dimension d,βi,d
is the value of d of the imanta ray in dimension β, α2

+β2
=

1 and θ is the quantum rotation angle.
The quantum rotation angle significantly impacts the

algorithm, necessitating therefore an increase in the
angle when there is minimal population differentiation.
In the medium term, the gap is smaller, and the angle
is reduced to ensure the population diversity. There-
fore, the algorithm for the value of θ is described as
follows:

θ = e−step/iteration + 0.01 · ((Fit i − (Fitmax + Fitmin)/2)

/(Fitmax − Fitmin + 0.000001)), (31)

where the iteration represents the maximum number of
iterations in the algorithm, Fitmax indicates the fitness of
the individual with the highest fitness within the popu-
lation, and Fitmin indicates the fitness of the individual
having the lowest fitness among all individuals in the
population.

In the aforementioned operator, as the discrepancy
between the fitness of the current individual and that
of the suboptimal individual with lower fitness within
the population reduces, the Angle value also decreases.
This adjustment aims to fine-tune the position of the
current individual and prevent convergence towards
local optima during subsequent population evolution
stages.

B. ADAPTIVE WEIGHT OPERATOR
TheMROA algorithm primarily depends of the chain feeding
operator and spiral feeding operator for local updates,
while flip feeding is employed to prevent convergence
towards local optima. However, the MROA operator is
susceptible to trapping in local optima during chain and
spiral feeding update processes. This hinders the effective-
ness of these updates in later population renewal stages
and makes it challenging for the algorithm to yield an
improved solution set. The operators in chain feeding and
spiral feeding expressions are modified, mainly by adding
adaptive update operators. The improvements aremodelled as
follows:

xdi (t + 1, 1)

=



xdi (t, 1)+ r
[
xdbest (t, 1)− x

d
i (t, 1)

]
+

0.01 · r · α
[
xdbest (t − 1, 1)− xdi (t − 1, 1)

]
i = 1

xdi (t, 1)+ r
[
xdi−1(t, 1)− x

d
i (t, 1)

]
+

0.01 · r · α
[
xdbest (t, 1)− x

d
i (t, 1)

]
i = 2, . . . ,N

(32)
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xdi (t + 1)

=



xdbest + r(x
d
best (t)− x

d
i (t))+

0.01 · r · α(xdbest (t)− x
d
i (t)) i = 1

xdbest + r(x
d
i−1(t)− x

d
i (t))+

0.01 · r · α(xdbest (t)− x
d
i (t)) i = 2, . . . ,N

(33)

α =
1

1+ esin(π/2·(xbest (i,1)−xi(i,1)))+5
, (34)

where xdi (t, 1) denotes the α value of the i-th individual on
dimension t, and xbest (t, 1) represents the α value of the
individual with the highest fitness on dimension t.

According to Eq.(34), a large fitness gap between the
current population individual and the optimal individual
indicates that the former has a significant α gap with
respect to the latter, resulting in low fitness. In such cases,
an increase in α value occurs. When updating using equations
Eqs.(32) or (33), the current individual moves closer to
achieving an optimal fitness. However, if there is a small
surface gap between them despite the large fitness gap, the α

value decreases. During population renewal, fine exploration
around optimal individuals takes place without remaining too
far from them.

C. SIMULATED ANNEALING UPDATE OPERATOR
The flipping foraging operator employed byMSRA primarily
relies on the current position before moving to a new
one. While this operator proves its efficiency during initial
population renewal stages, it becomes imperative to engage
in more refined exploration during the later stages to
obtain a comprehensive solution set. Therefore, the flipping
foraging operator may exert a greater adverse impact on
overall population renewal. To enhance population diversity
through judicious selection, the simulated annealing operator
integrates flipping foraging with a certain probability. The
specific formula is expressed as follows:

temp = xdi (t, 1)+ S
(
r2 · xdbest(t, 1)− r3 · x

d
i (t, 1)

)
,

(35)

xdi (t + 1, 1) =

{
temp, rand < e−(Fiti−Fittemp)·step/T

xdi (t, 1), other

(36)

where the fitness of the current individual, denoted as Fittemp,
is determined based on the number of current iterations.

V. EXPERIMENTAL RESULTS
In this section, the algorithm proposed in this paper is
validated through simulation experiments. The simulation
experiment assumes a single PU and one FC. To simulate
the PU signal, a Binary Phase-Shift Keying (BPSK) signal
with additive white Gaussian noise is applied. The average of
the signal is set to 0.05, while the number of secondary users
(SUs), denoted as M , is set to 60. Moreover, the sampling
number N is designated as 2,000 and the probability of false

Algorithm 2 The Quantum Manta Ray Optimization
Algorithm
1: input: Pouulation,T
2: output: Optimal individual
3: procedure optimization algorithm( Pouulation,T )
4: Initialize the population randomly
5: for t ← 1toN do
6: if ( thenrand < 0.5)
7: Perform a chain update.
8: else
9: if ( thenrand < t/T )
10: Perform spiral foraging.
11: else
12: An individual is randomly generated for

the spiral update.
13: end if
14: end if
15: Simulated annealing operator update is per-

formed.
16: Perform quantum rotation gate. adjustment.
17: end for
18: end procedure

FIGURE 2. Correlation between the probability of detection and SNR
across various sampling points in a multi-node scenario.

alarm remains fixed at 0.1. The SNR for each SU and the
data fusion center follows a random distribution within the
[−15, 0] dB range. Moreover, the Monte Carlo method is
applied for conducting simulations exceeding 1500 iterations.
Furthermore, an iterative process involving the QMRFA
performed for 20 iterations. The obtained simulation results
are shown below.

A. INFLUENCE OF SAMPLING POINTS ON ALGORITHM
PERFORMANCE
The larger the number of sampling points is, the more
accurate the perception will be. Therefore, the following
experiments are conducted to verify the impact the of
sampling points on the performance of the algorithm in both
single node or multi-node perception models.

Figures 2 and 3 depict the variations in detection
probability concerning signal-to-noise ratio (SNR) for
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FIGURE 3. Correlation between the probability of detection and SNR
across various sampling points in a single node scenario.

different sampling points. Specifically, Figure 2 illustrates a
multi-node collaborative sensing algorithm based on stochas-
tic resonance, whereas Figure 3 denotes a single-node sensing
algorithm also based on stochastic resonance. It is evident
from both figures that, under constant conditions, an increase
in the number of samples leads to an augmented detection
probability. In the case of the single-node sensing algorithm,
it can be noted that as the number of sampling points
increases, the detection probability exhibits a diminishing
improvement trend without yielding significant performance
enhancement. As for in Figure 3, when N = 1800 and
N = 2200, the disparity in performance between the
two values becomes negligible, indicating that the sampling
points no longer impose limitations on detection efficacy.
Moreover, when N is 200, 600, 1000, and 1400, the detection
performance is poor and the performance improvement
effect is not obvious when N varies between −25 dB and
−15 dB. However, when N is 1800 and 2200, the perception
effect is significantly improved, mainly because the detection
accuracy can be improved regarding the number of sampling
points. However, it is not enough to improve the perception
effect so significantly, mainly as the number of SU is
60 and the multi-node collaborative perception spectrum can
significantly enhance the perception effect.

B. EVALUATE THE EFFECT OF THE NUMBER OF NODES
ON ALGORITHM PERFORMANCE
The algorithm’s performance is remarkably affected by the
number of sensing nodes. While increasing this number
may enhance algorithmic performance, it also imposes high
demands on MSRA’s solving capabilities. Therefore, it is
questionable to know if reasonable weights can still be
obtained as problem scale increases. Consequently, the
following experiments describe the influence of the number
of sensing nodes on the performance of the algorithm.

Figures 4, 5, and 6 depict the variation curve of detec-
tion probability with SNR for different numbers of SU
users. Referring to these figures, under constant conditions,

FIGURE 4. When N=1000, the detection probability varies with the SNR
curve at different SU numbers.

FIGURE 5. When N=1500, the detection probability varies with the SNR
curve at different SU numbers.

FIGURE 6. When N=2000, the detection probability varies with the SNR
curve at different SU numbers.

an increase in the number of SU users leads to a corre-
sponding rise in the detection probability. This implies that
augmenting the number of SUs can significantly enhance
the detection probability; however, as the number of SUs

185176 VOLUME 13, 2025



J. Chen et al.: Performance Evaluation of Cooperative Spectrum Sensing Algorithm

FIGURE 7. Change curve of detection probability with SNR under different
noise uncertainty.

remains increasings, the improvement effect on spectrum
sensing performance becomes progressively less noticeable.
Concurrently,the increasing number of SU users is accompa-
nied by an inevitable escalation in collaborative perception
complexity. Henceforth, to ensure system operability within
acceptable cooperation costs, it is obvious to judiciously
select appropriate sensing nodes able to enhance detection
performance even among challenging environments.

C. PERFORMANCE OF THE ALGORITHM UNDER
DIFFERENT NOISE UNCERTAINTY
Noise uncertainty significantly influences the algorithm’s
performance, primarily because of the uncertain nature of
the known noise variance in the model. In such cases,
algorithms heavily relying on noise variance will experience
substantial repercussions. Thus,this section primarily aims to
experimentally validate the impact of noise variance on the
algorithm performance.

Moreover,Figure 7 illustrates the variation curve of detec-
tion probability with SNR under different noise uncertainty
levels. As depicted in the figure, an increase in noise uncer-
tainty leads to a significant degradation in the performance of
the detection. Specifically, when the level of noise uncertainty
transitions from 0.1 to 0.2 dB, there is a noticeable decrease in
detection performance. However, when the noise uncertainty
moves from 0.3 to 0.4 dB, there is a notable deceleration
in the attenuation of detection performance compared to the
transition from 0.1 to 0.2 dB of noise uncertainty. Hence,
it is clear that both noise uncertainty and SNR significantly
impact the detection probability. In scenarios characterized
by a high SNR ratio and low noise uncertainty, the algorithm
demonstrates an elevated detection probability and achieves
superior performance. Conversely, when faced with a low
signal-to-noise ratio and significant noise uncertainty, the
algorithm’s detection probability significantly decreases,
posing challenges in attaining improved performance levels.

To evaluate the performance of the proposed algorithm
proposed in this paper under noise uncertainty, we employ
two reference algorithms: the NTDED algorithm (a novel

FIGURE 8. When the noise uncertainty is set at 0.1 dB, the detection
probability exhibits variations by the SNR curve.

FIGURE 9. When the noise uncertainty is set at 0.2 dB, the detection
probability exhibits variations by the SNR curve.

energy-based double threshold sensing algorithm) [35]
and the EDADT algorithm (an adaptive double threshold
algorithm) [36]. To assess different levels of noise uncertain-
ties, the performance of our proposed algorithm with that of
these two algorithms.

Furthermore,Figures 8, 9, 10, and 11 depict the detection
performance under varying levels of noise uncertainty (0.1,
0.2, 0.3, and 0.4 dB). Notably, when the noise uncertainty
is at its lowest level (i.e., at 0.1 dB), the proposed algorithm
outperforms all other algorithms and achieves optimal detec-
tion results. However, as the noise uncertainty increases to
higher levels (e.g., reaching 0.2 dB), the proposed algorithm
still performs slightly better than the improved clustering
detection algorithm;yet, it exhibits a significant decrease in
the overall detection performance compared to that observed
at lower levels of noise uncertainty (i.e., equal or below
0.1 dB). When the noise uncertainty is 0.3 and 0.4 dB,
the performance of the algorithm proposed in this paper
exhibits lower efficacy compared to EDADT and NTDED
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FIGURE 10. When the noise uncertainty is set at 0.3dB, the detection
probability exhibits variations by the signal-to-noise ratio (SNR) curve.

FIGURE 11. When the noise uncertainty is set at 0.4 dB, the detection
probability exhibits variations by the SNR curve.

algorithms within the range of −25 and −15 dB. However,
a partial improvement in performance is observed when
compared to the enhanced clustering detection algorithm.
The primary reason for the significant disparity between
the proposed algorithm and EDADT/NTDED algorithms
lies in constructing a multi-node cooperative perception
model based on stochastic resonance, where information
regarding the model has to be determined according to
SNR considerations. In scenarios involving noise uncertainty,
establishing a relatively reliable multi-node cooperative
perception model becomes challenging.

The probability of a false alarm, denoted as Pf , plays
a pivotal role in defining the performance of the detection
probability. Specifically, the energy detection algorithm
determines the threshold for either the energy detection
algorithm or the double threshold energy detection algorithm
based on Pf . Regarding our experimental setup, certain
parameters are set as follows: when sensing the presence of
PU, SU operate under an environmental SNR of −25 dB.
Additionally, both SU and data FC experience a random

FIGURE 12. ROC curves of different energy detection algorithms.

SNR ranging from −20 dB to −15 dB. Therefore,Figure 12
illustrates how changes in false alarm probability the way
the 0 to 0.02 affect the detection performance across four
different algorithms.

D. EFFECT OF FALSE ALARM PROBABILITY ON
ALGORITHM PERFORMANCE
The higher the false alarm probability is, the more evident
the improvement in the algorithm performance will be.
To evaluate the performance of different algorithms under
varying false alarm probabilities,a series of experiments
is conducted to assess the effectiveness of our proposed
algorithm along with other novel approaches.

From the graph, it is evident that both the improved
clustering detection algorithm and the NOTED algorithm
exhibit similar performance. As the false alarm probability
increases, the detection probability behaves in the same way.
In comparison to these two other algorithms, the EDADT
algorithm achieves superior detection performance, clearly
surpassing the other three other algorithms. Notably, at Pf =
0.2, a more pronounced disparity in performance becomes
apparent.

The proposed section introduces the QMRFO algorithm,
exhibiting superior optimization capabilities compared to
other crowd intelligence algorithms. To assess its perfor-
mance, the algorithm was benchmarked against MRFO [34],
Particle Swarm Optimization (PSO), and Reptile Search
Algorithm (RSA) [37]. The number of sampling points is set
to 1000, and the noise between the cognitive user and the FC
follows a random distribution within the range of [−25, 0]dB.
The are kept parameters remain unchanged. The experiment
was repeated 30 times, and an average value was computed.
Moreover, c1 was set to 0.1 and c2 was set to 0.2 in the PSO
algorithm. ε was set to 0.1 and ω to 0.1 in the RSA algorithm.
Finally,S is equal to 2 in the MRFO algorithm.

Moreover,Figure 13 shows that the PSO algorithm initially
achieves good results with high detection probability in early
iterations;however, it significantly lags behind MRFO and
QMRFO algorithms in consequent optimization processes.
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FIGURE 13. Comparison of detection probabilities of different intelligent
algorithms.

In addition, the RSA algorithm exhibits strong global search
capability, quickly achieving high detection probability in
early iterations; however, it struggles to find better results
after 10 iterations and is evidently inferior to the three
other algorithms. Among these four algorithms,the QMRFO
algorithm proposed in this paper demonstrates superior
performance by attaining the highest detection probability
and achieving optimal optimization effects for improved
sensing results.

VI. CONCLUSION
The primary objective of this article consists of proposing
a spectrum sensing algorithm. The algorithm achieves
enhanced sensing performance in low SNR environments.
Moreover, this work introduces stochastic resonance into a
single node for perceiving the spectrum condition, thereby
improving perception accuracy under low SNR conditions.
However, it is important to solve the potential interference
issues when relying on a single node for perception.
To overcome such challenge, a multi-node collaborative
perception algorithm is employed to mitigate interference
problems. Furthermore, the QMROA algorithm is utilized to
select optimal weights for the perception nodes to enhance the
overall performance. Comparison through simulation experi-
ments highlight that the proposed algorithm outperforms the
other state-of-the-art perception algorithms, particularly in
low SNR environments.

However, when confronted with high levels of noise
uncertainty, the performance of this algorithm is subject
to a significant decline, primarily during the multi-node
cooperative sensing phase. Moreover, this phase relies on the
accurate determination of sensing weights based on the SNR,
becoming challenging under substantial noise uncertainty
conditions. Consequently,a notable decrease in the algorithm
performance is encountered. Therefore, future research
should focus on enhancing algorithm performance under
high noise uncertainty conditions. The proposed algorithm
has inherent limitations when considering noise uncertainty.

Additionally, when all SUs are unable to determine the
existence of PUs, the FC must integrate sensing results from
all SUs. In such cases, the collaborative sensing weight needs
to be optimized using QMROA, requiring a certain amount
of time to obtain appropriate weights. Consequently, it is not
suitable for scenarios with high real-time requirements.
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