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Abstract: Due to the rapid development of unmanned aerial vehicles (UAVs) communication technology,
UAVs are gradually competing with primary users (PUs) for spectrum resources. Cognitive radio (CR) is a
promising solution to meet the needs. Cooperative spectrum sensing (CSS) is considered as an effective method
to detect the PU signal and identify available spectrum resources for UAVs in a cognitive UAV network
(CUAVN). However, the cooperative mode among multiple UAVs may incur a high overhead, resulting in
performance degradation. Therefore, we introduce a differential sequential 1 (DS1), which incorporates a
differential mechanism and leverages the sequential idea based on the classical voting rule to enhance
cooperative performance and efficiency. In view of this, we formulate three scenarios to characterize the PU
activity and introduce a multi-slot cooperative mode within a single UAV to realize cooperative gain. Further,
only the information change about the PU status is sequentially calculated in DS1, and combined with a
sequential idea, the efficiency of the voting rule is greatly improved. Moreover, the application of support
vector machines (SVM) in dynamic selection enables the selection of the most suitable voting rule based on
diverse sensing parameters. This dynamic selection process ensures optimal performance and efficiency by
adapting the voting rule to the specific characteristics of the given scenario. Finally, simulation results
demonstrate that the superiority of our proposal with respect to the detection performance, sample size and
the energy efficiency is evident, which proves the high performance of the proposed policy.

Keywords: unmanned aerial vehicle; cooperative spectrum sensing; voting rule; support vector machine;
dynamic selection

1. Introduction

Unmanned aerial vehicles (UAVs) have started to be used in various fields in recent years due
to their versatility and ease of operation, such as national ecological protection, aerial photography,
mapping, mineral resources exploration, disaster surveillance, traffic patrols, and power line patrols
[1]. However, the increasing demand for spectrum conflicts with the limited spectrum resources,
UAVs also face a spectrum shortage problem. And yet, in another respect, research by the Federal
Communications Commission (FCC) has proven that the scarcity of spectrum resources is largely
due to its low utilization by licensed primary users (PUs) in the time or spatial domains. In this
context, cognitive radio (CR) is proposed, in which by means of spectrum sensing technology, SUs
are allowed to opportunistically access licensed spectrum, i.e., SUs are allowed to access the channel
without causing harmful interference to the PU if the PU is detected as inactive in the channel.
Otherwise, SUs are not allowed to access it [2,3]. But the single-user spectrum sensing is not reliable,
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and its performance is prone to be affected by the unfavorable channel condition of wireless
transmission, such as multipath fading, hidden terminal problems, shadowing and receiver
uncertainty problem, and so forth, etc. [4]. Therefore, cooperative spectrum sensing (CSS) has been
proposed to overcome this problem and improve the sensing performance, i.e., each SU individually
submits own sensing result about the PU signal to a fusion center (FC), and then the FC makes the
final decision by a specific fusion rule about the PU state.

In this regard, integrating the CR technology into UAV communication is beneficial for solving
the spectrum usage demand of UAVs. Nevertheless, based on the cooperative mode among multiple
SUs, CSS among multiple UAVs has two limitations: (a) the flexible location of UAVs poses
challenges in swiftly implementing cooperative modes [5]; (b) the cooperative mode among multiple
UAVs requires a relatively low overhead (minimal additional communication or computational
resources required between the FC and each UAV to enable and maintain the cooperative mode
among multiple UAVs) between the FC and UAVs [6]. Moreover, although the original intention of
CSS aims to improve the sensing accuracy, considering the gradual popularity of UAV
communication, in large-scale cognitive UAV networks (CUAVNSs), both the performance and
efficiency of CSS need to be further considered in order to provide more available spectrum for UAVs

[7].

1.1. Related Works and Motivation

In fact, in order to provide a better quality of service (QoS) for UAVs, many efforts have been
devoted to studying CUAVN related to the CSS performance and efficiency [8].

In [9], ]. Zhang et al. developed a CSS framework among mini-sensing slots for CUAVNs under
flexible sensing delay constraints. In [10], ]. Wu et al. proposed a multi-slot CSS among multiple mini-
slots of a UAV sensing node and analyzed its performance and cost/benefit. A multi-UAV spectrum
sensing algorithm based on group cooperation was proposed by Z. Liu in [11], which improves the
detection probability based on the combination of feature extraction and clustering algorithm. Based
on [12], to cope with the problem of low energy efficiency (EE) in CUAVNS, J. Xiong et al. introduced
the normalized spectrum sensing algorithm into multi-UAV CUAVN to investigate EE based on CSS.
In [13], M. S. Hosen et al. used fuzzy logic algorithm to solve the channel allocation problem in a
CUAVN. A constrained optimization problem was proposed to maximize the residual energy subject
to the constraint of secondary secrecy outage in [14]. Besides, H. Hu et al. optimized spectrum
efficiency (SE) and EE for CUAVNSs based on location information in [15]. In [16], the virtual CSS
optimization problem was taken into consideration in a UAV-based interweave CR system. The
optimization problem of sensing radian and the real-time trajectory of UAV was proposed in [17] to
improve SE. In [18], X. Liu et al. proposed virtual CSS to maximize effective throughput by jointly
optimizing the local sensing arc and the number of sensing time slots. Not limited to 2D spectrum
space, ]. Zhang et al. in [19] proposed a multi-slot mode within a UAV to improve SE and EE and
reduce energy consumption (EC). Similar to [19], F. Shen et al. investigated spatial-temporal spectrum
sensing problem at UAV nodes. In [21], Y. Pan et al. maximized EE problem to jointly optimize the
sensing time and secondary transmit power in UAV-based coverage of CR networks. While most of
the literature mentioned above has focused on studying the EE aspects of CSS in UAVs, there has
been a noticeable oversight regarding the issue of cooperative efficiency between the FC and UAVs.
Additionally, it is worth noting that the assumed PU scenario in these studies is relatively simplistic.
Hence, there is an urgent need to address these gaps and provide a more comprehensive analysis
that encompasses the cooperative efficiency between the FC and UAVs, while considering more
realistic and complex PU scenarios.

With the continuous evolution of machine learning, the proper application of machine learning
algorithms in the field of CUAVNs has become more crucial in recent years, allowing them to learn
and adapt to their surroundings effectively, so as to obtain the best QoS and EE. In [22], considering
the limitations of the long short-term memory algorithm in terms of the UAV’s EC, Z. Luo and X.
Wang proposed a spectrum sensing algorithm based on the gated recurrent unit, which reduces EC
by 1/4 compared to long short-term memory and can be applied to multiple UAV scenarios. In [23],
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R. Nie et al. presented a clustering-based distributed CSS scheme, which significantly enhances the
spectrum detection performance of CUAVNs compared to the non-clustered distributed CSS scheme.
For the spectrum-sensing-data-falsification attack, a support vector machine (SVM)-based scheme
was proposed in [24] to analyze SU behavior from multiple rounds of energy value recording to
obtain classification accuracy. In [25], N. Gu et al. presented a hybrid boosted tree algorithm which
combines differential evolution and the boosted tree algorithm to mitigate the negative impact of
malicious users on CSS. What's more, H. Luan et al. proposed a machine learning algorithm to
provide real-time per frame training and decision-based CSS. Apart from that, the performance
comparison of multiple supervised machine learning classifiers was present in [26]. However,
different voting rules can affect the number of reporting samples required to make the global
decision, thus affecting the performance metric, such as throughput, EE, etc. In [27], an energy-
efficient sequential decision fusion approach based on K-out-of-N rule was proposed. J. Liang et al.
analyzed the impact of different voting rules on the throughput and EC of the system in [28].
However, the aforementioned research has made contributions to the integration of UAVs and CR
technology and have employed machine learning algorithms to address QoS and EE challenges, it is
significant to note that these investigations predominantly focus on a single PU scenario. Moreover,
there has been a limited amount of research conducted to explore the influence of different voting
rules on cooperative performance and efficiency, including aspects such as global detection
performance, sample size, and EE. Therefore, there is a significant demand for extensive investigation
in this domain to comprehensively comprehend the consequences and advantages of different voting
rules concerning cooperative performance and efficiency in CUAVN.

1.2. Our Contributions

In accordance with the studies mentioned above, it can be seen that the performance and
efficiency of CSS still pose significant research challenges in CUAVNSs. Additionally, a variety of
complex PU scenarios in practice are also suitable for different voting rules. Hence, we have selected
the detection performance (i.e., the global false alarm probability and the detection probability), the
sample size, and EE as the performance metric of a CUAVN. Further, considering the disadvantages
of the simple PU activity and the traditional cooperative mode among multiple UAVs, this paper
makes three major contributions as follows.

To provide a comprehensive description of PU activity, we consider three scenarios that
encompass various situations of channel usage. To overcome unfavorable factors of the cooperative
mode among multiple UAVs, we further propose the cooperative mode among multiple mini-slots
with a single UAV to guarantee the cooperative gain and improve the cooperative efficiency.

Based on the proposed PU scenario and cooperative mode, we conduct a detailed analysis of the
advantages and disadvantages of voting rules including conventional voting rule (CVR), sequential
voting rule (SVR), and sequential 1 (S1) in different scenarios. To further improve the cooperative
efficiency, we utilize the sequential idea and differential mechanism to develop a differential
sequential 1 (DS1), with the aim of improving the cooperative efficiency without affecting the
detection performance. The simulation results also demonstrate the superiority of our method,
primarily attributed to the substantial advantage of DS1 in terms of sample size.

In order to realize the optimal selection under different PU scenarios, we introduce SVM to
classify the proposed DS1 and other voting rules according to the global false alarm probability and
the detection probability, the sample size, and EE. On the basis of SVM dynamic selection, the
numerical results demonstrate that the proposed DS1 is consistently superior in the CSS performance
and efficiency. Moreover, the dynamic selection framework offers the potential for improved voting
rules and the ability to handle more complex scenarios in the future.

1.3. Organization

The rest of this paper is as follows. In Section 2, a cooperation mode among multiple mini-slots
in a CUAVN is established. Section 3 makes a preliminary analysis on CVR, SVR and S1 and on basis
of it, further proposes DS1 for a high-efficient CSS and evaluates its performance and efficiency. A
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SVM dynamic selection is proposed to choose the optimal voting rule in various environments in
Section 4. The simulation results in Section 5 verify the proposed DS1. Eventually, Section6 draws a
conclusion about this paper.

2. System Model

In this section, following a circular flight trajectory, we propose a CUAVN model including a
PU and a UAV. On the basis of such a network model, we further develop a local spectrum sensing
(LSS) model based on the energy detection and a CSS model among multiple mini-slots according to
the periodic spectrum sensing frame structure.

2.1. Network Model

Figure 1. The CUAVN model: (a) Cooperative among multiple UAVs; (b) Cooperative among
multiple mini-slots.

In order to achieve the available spectrum resources and not cause harmful interference to the
PU’s communication, the CSS paradigm is applied for CUAVNSs to detect the PU signal by spatially
located UAVs. Before describing the CSS model among multiple mini-slots within the single UAYV,
we make a brief presentation of the traditional CSS model among multiple UAVs. As illustrated in
Figure 1(a), the CUAVN model consisting of a PU and multiple UAVs in a traditional cooperative
model. Assuming that the UAV follows a circular flight trajectory around the PU from a vertical
perspective, the flight radius is R (as shown in Table 1) and the height is h, the spectrum sensing
distance of

d0i:10.20944/preprints202403.1490.v1
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Table 1. Main symbols use.
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Descriptions Symbols
The flight radius R
The flight height h
The spectrum sensing distance rd-
The sensing time of i-th UAV Ts’l
The reporting time of i-th UAV (;ll
The flight radian of the i-th UAV at the sensing slot N,
The number of UAVs involved in the cooperative sensing N
The total number of UAVs o
The flight radian of the i-th UAV at the reporting slot Ny
The number of samples required at the FC v
The flight radian of the UAV at the data transmission slot. uigl)
The circularly symmetric complex Gaussian (CSCG) noise s; (7;1)
The noise variance Pi(d;)
The complex-valued phase shift keying (PSK) signal P,
The attenuated received PU signal with a distance d; f
The transmitting power of the PU signal ¢
The carrier frequency If tos
The light speed TZ"S
The line of sight (LOS) link occurrence probabilities B
The non-line of sight (NLOS) link occurrence probabilities 0
The determined parameters by the environment fil Z)SS
The elevation angle of the UAV I\E/Il
The free space propagation loss ZL
The number of samplings Pri
The energy statistic of the i-th UAV Pa,;
The signal-to-noise ratio (SNR) QM)
The pre-determining threshold ;d
The local false alarm probabilities of the i-th UAV Pj;
The local detection probabilities of the i-th UAV 7,
The complementary distribution function of the standard Gaussian T,
The data transmission duration Qf
The local false alarm probabilities in each UAV/mini-slot Qq
The local detection probabilities in each UAV/mini-slot Co
The sensing time in each UAV/mini-slot SNRy
The reporting time in each UAV/mini-slot Ig’i
The global false alarm probabilities SNR,
The global detection probabilities Py
The achievable throughput in the absence of the PU Nsen
The SNR of the UAV Nse.s
The transmitting power of UAVs P(H,)
The achievable throughput in the presence of the PU P(H,)
The SNR of the PU Mecau
The transmitting power of the PU n;f's
The SE of the cooperative mode among multiple UAVs PS
The SE of the cooperative mode among multiple mini-slots P:
The probability of hypothesis H, Nee

The probability of hypothesis H;
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The EC of the cooperative mode among multiple UAVs D;
The EC of the cooperative mode among multiple mini-slots

The sensing power consumed by UAV

The power consumed by the circuit

The reporting power required in reporting slot

The EE of the cooperative mode

The training label of SVM

The training datasets of SVM

The distance between the marginal Hyperplane on both sides of the Hyperplane

2/[|o|

radiusis R (as shown in Table 1) and the height is h, the spectrum sensing distance of the UAV
is d =+vh% + R2.

In a periodic spectrum sensing frame structure of CUAVNSs, a fixed frame is divided into a
sensing slot, a reporting slot, and a data transmission slot. In a cooperative model among multiple
UAVs, as depicted in Figure 2(a), the i-th UAV utilizes the LSS technology detects the PU signal
within the sensing time 7;;, subsequently, the UAV submits individual sensing result within the
reporting time 7,; to the FC through the common reporting channel at the reporting slot. Finally,
the FC makes a global decision about the PU status via a specific rule in accordance with the received
sensing results, which decides whether UAVs are allowed to access the channel or not. All UAVs are
not allowed to access the channel to protect the PU from the harmful interference and then continue
on the next sensing frame if the global decision is declared as 1, otherwise, UAVs are allowed to
access the channel within 7; at the data transmission slot because of the PU’s absence.
Correspondingly, the whole flight radian at each frame can be grouped into ¢4,..., @;, ..., Ong
(where ¢; represents the flight radian of the i-th UAV at the sensing slot and Ny is the number of
UAVs involved in the cooperative sensing, the total number of UAVsis N, and N; < N), ¢4,..., ¢;,
..., @y, (Where ¢; represents the flight radian of the i-th UAV at the reporting slot, N, is the
number of samples required at the FC, and N, < N;), and ¥ is the flight radian of the UAV at the
data transmission slot.

2.2. Local Performance

According to the CUVAN model, we further conduct an evaluation of the LSS performance at
the UAV. The energy detection is commonly adopted as the LSS scheme because of its low
computational and operational complexity [29]. The spectrum sensing problem is usually regarded
as a binary hypothesis test in energy detection scheme, i.e., the hypotheses H, and H; represent the
the PU’s absence and presence, respectively, then the received signal at the i-th UAV can be
presented as [20]

() = {u%(n)' o 1
yiln) = P;(d))s;(n) + u;(n), H,; (

where u;(n) denotes the circularly symmetric complex Gaussian (CSCG) noise with mean 0 and
variance oy, s;(n) is the complex-valued phase shift keying (PSK) signal transmitted by the PU,
s;(n) and u;(n) are independent, P;(d;) is the attenuated received PU signal with a distance d;
from the PU.

On the basis of above assumptions about the PU signal and noise model, we denote P, as the
transmitting power of the PU signal, the received signal at the i-th UAV is presented as

Pi(di) =P - 20log(47rfdi/c) — PiosCios — PriosSnios 2)
Pos = 1/{1 + a exp[-p(1807/6 — )]} (3)
Prios =1 — Py “

where f denotes the carrier frequency, c is the light speed, P,,s and P, are line of sight (LOS)
and non-line of sight (NLOS) link occurrence probabilities, which depend on a, f and 6 =
actan(R/H)[26], where the parameters a, f are determined by the environment, 6 is the elevation
angle of the UAV, {j,s and {,,,s are the free space propagation loss [20].

The energy statistic of the i-th UAV is described as
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M
1
i = lemcnnz (5)

where M is the number of samplings. Considering a large M, according to central limit theorem, E;
is regarded as a random variable that follows a Gaussian distribution, i.e.,

N(uo,02), H
L I ©®)
N([ll, 0-1 )! Hl
to = 0
2 =20%/M (d
where { 70 ;"n/ , Vi = P‘(fl) indicates the signal-to-noise ratio (SNR). In LSS, the local
= oy (1+v) n

of =20,;(1+2y)/M
measured energy is compared to a pre-determining A for making a local binary decision, the local
false alarm and the detection probabilities are given by

A
Pr; = P(E; > AlHo) = Q ((ﬁ - 1) \/Ts,if> @)

Ts,if

A
Py = P(E:> 2H) = 0| (55 -1-7) ®)

n

where Q(-) is the complementary distribution function of the standard
Gaussian.

2.3. Cooperative Mode Among Multiple Mini-slots

total sensing time

sensing slot reporting slot transmitting slot

UAV, |« «|[UAV, | - qUAVy| 1] «|N,|  data transmission

= Ta
frame duration T
(a)
total sensing time
sensing slot transmitting slot
Lofeeef @ foee N, data transmission
= T,

frame duration 7'
(b)

Figure 2. The periodic spectrum sensing frame structure: (a) the cooperative mode among multiple
UAVs; (b) the cooperative mode among multiple mini-slots.

Based on the flight trajectory and frame structure of the traditional cooperative mode among
multiple UAVs, it is evident that the cooperative efficiency is not good enough. This is particularly
true in scenarios involving fixed-sample-size voting rules or large-scale CUAVNSs, where the
communication overhead is relatively large. For example, all UAVs are required to collaborate in
spectrum sensing within the voting rule and the FC also needs to receive all local decision samples
from UAVs, thatis, Ny = N, = N. As aresult, in a fixed frame duration T, the more UAVs participate
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in collaboration (which can improve the CSS performance of collaborative spectrum sensing),
increasing the number of generated samples leads to a decrease in the achievable throughput of
CUAVNSE, ie., the data transmission duration 7,5 is lower. Additionally, the flexible location of
UAVs presents a challenge in promptly implementing CSS.

Motivated by above analyses on the cooperative mode among multiple UAVs, we take the
cooperative mode among multiple mini-slots into consideration in the circular flight trajectory. In
details, there is only an UAV in the cooperative mode among multiple mini-slots, of which the total
sensing time consists of N; mini-slots. That is to say, the cooperative paradigm has evolved from
external cooperative mode among multiple UAVs (each UAV occupies a sensing time slot and
generates a local decision) to internal cooperative mode among multiple mini-slots within a single
UAV (the same UAYV generates a local decision in multiple mini-slots), as illustrated in Figure 1(a)
and Figure 2(a). Undoubtedly, the advantage of this mode is that the UAV nevermore need to submit
local decisions to the FC via the reporting channel (which increases communication overhead and
cannot guarantee the security of spectrum sensing data transmission), while not reducing cooperative
gain.

3. Voting Rule Based on DS1 for CSS

In this section, we conduct a preliminary introduction of CVR, SVR, and S1. Inspired by the
performance and efficiency exhibited in CSS, we take advantage of the sequential idea and
differential mechanism to propose DS1 based on voting rule, aiming to further reduce the number of
samples and improve EE.

3.1. Preliminary Analysis

Based on the CUAVN model and the proposed cooperative mode among multiple mini-slots,
the UAV utilizes the decision sample at each mini-slot to make a global decision about the PU state
according to the fusion rule. In fact, there are various fusion rules being applied for CSS, i.e., voting
rule (a.k.a. K-out-of-N rule, namely, more than K decision samples demonstrate the presence of the
PU, H; is accepted, otherwise H, is accepted), Neyman-Pearson, Bayesian detection, sequential
detection, etc. Since the voting rule has a low implementation complexity and requires no
deterministic knowledge of the PU signal, considerable effort has been dedicated to enhancing its
efficiency [30]. Now, we make a brief presentation of CVR, SVR, and S1 in the cooperation mode
among multiple UAVs.

3.1.1. CVR

11'111
[

Reporting channel

VNN

FC

Figure 3. CVR.

In the cooperative mode among multiple UAVs using the CVR, all N samples from N UAVs
are required to be transmitted to the FC via the reporting channel. The FC then makes the global
decision, as depicted in Figure 3. In this scenario, the sample size required at the FC remains fixed,
meaning N; = N, = N.
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3.1.2. SVR

T -
T & 3

Reporting channel

b bl L k=4

FC

Figure 4. SVR.

Contrary to CVR, SVR takes advantage of the sequential detection to accept the samples from
UAVs at the FC. According to the decision condition K of the voting rule, when the FC receives K
1s (the number of decision samples of 1is K) or N — K + 1 0s (the number of decision samples of 0
is N — K + 1), the global decision about the PU state can be naturally decided as 1 or 0. Sequentially,
the remaining samples are not required to be submitted, in other words, Ny = N and N, <N, as
shown in Figure 4. To be specific, the decision condition for the SVR aligns with that of the CVR.
However, the advantage of SVR lies in its ability to reduce the number of samples required for CSS
without compromising CSS performance.

3.13 851

il DN [
¥ X [ ] ¥ X
vV NEERY

Reporting channel

J b U k=4

FC

Figure 5. S1.

On the basis of SVR, the decision sample 1 is allowed to be submitted but 0 is not allowed, as
shown in Figure 5. When the sequentially cumulative number of 1s exceeds K, the FC declares the
global decision as 1, similar to SVR, the remaining samples 1s are not required to be submitted. When
all N samples are submitted to the FC, the cumulative number of 1s still does not exceed K, the
global decision is 0 at the FC. It should be noted that the efficiency of 51 is higher than that of SVR
when the usage of the PU channel is lower.

3.2. DS1
T T
4 A4 v v
Internal reporting>
J K=4

UAV

Figure 6. DS1.

According to above description, the consideration of the sequential idea and the usage of the PU
channel is beneficial for CSS to improve the efficiency in the voting rule, but in a large CUAVN, there
is still room for the efficiency improvement. Therefore, we integrate the differential mechanism into
the proposed cooperation mode among multiple mini-slots on the basis of S1 to further propose DS1.

Since there is no longer a need to submit the sample to the FC in the proposed cooperation mode,
the UAYV itself can process spectrum sensing information very conveniently and quickly, i.e., it is
straightforward for the UAV to determine whether the decision samples from the front and the back
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mini-slots are consistent. The phenomenon of whether the decision samples of the front and back
mini-slots are consistent is called “differential”. Hence, we apply such a differential mechanism for
the sample reduction. As shown in Figure 6, we take N =8 and K =4 for example to further
explain the differential mechanism. When the first sample is 1, then the second sample is no longer
needed because it is also 1. Moreover, the third and fourth samples are not needed either according
to S1. Because the fifth decision sample 1 is different from the fourth decision sample 1, the UAV
needs to process, while the sixth one is 1 and not required. Therefore, only two decision samples are
needed to achieve the decision condition of K = 4. This combination of this differential mechanism
and the sequential idea can greatly reduce the sample size required for making final decisions
without disturbing the detection performance, resulting in higher efficiency compared to the
previous three voting rules.

3.3. Performance Evaluation and Analysis

For the simplicity of measuring the performance and efficiency of four voting rules mentioned
above, we assume that the local performance and the sensing/reporting time is the same in each
UAV/mini—SlOt, i.e., Pf,i = Pf' Pd,i = Pd!TS,i = '[_'S, Tr,i = ‘ET“

3.3.1. Detection Performance

According to the decision condition K, the global false alarm and detection probabilities is

expressed as [27]
N

Qr = Z (,A,IL) P (-p)" " €)

m=K
N

0= (M) —povm (10)

m=K
However, regardless of the voting rule, the decision condition K remains unchanged, and there

is no loss or falsifying of the diverse decision samples. It is only through changing the processing
method to improve the efficiency of sample processing or transmission. Hence, these voting rules
theoretically have the same global detection performance. Additional details of the mathematical
proof can be found in [27] [30].

3.3.2. Sample Size Analysis

In terms of the sample size, it is obvious that CVR sends all samples to the FC via the reporting
channel, and SVR accepts the samples sequentially until the decision condition is met. In addition,
based on SVR, S1 has the capability to decrease the required number of samples of 0 for making
decision. The advantage of DS1 lies in its differential mechanism which can greatly reduce the
number of samples for making global decisions compared to S1. In summary, unlike detection
performance (which has the same global detection performance under the same decision condition),
the sample size of the four voting rules of the same decision condition are also affected by the PU
activity scenario.

3.3.3. EE Evaluation

In addition to the detection performance and sample size, we further evaluate EE and start with
conducting SE and EC in the process of CSS. In CUAVNS, the achievable throughput in the absence
of the PU can be expressed as

Co = log,(1 + SNR,) (11)
where SNR, is SNR during UAV transmission, SNR, = B,/cZ, P, is UAV’s transmitting power.
Similarly the achievable throughput in the presence of the PU can be expressed as

SNR,

P
C, =1 (1 v )=l 14—t 12
1=10gz 1+ p ) = 10g: +5NR,,+0,2; (12)

where SNR, = Pz/0};, Py is the PU’s transmitting power.
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The SE of the proposed cooperation mode among multiple UAVs and mini-slots can be given by
T — N%, — N, %,
Mseu =~ (Co(1 = Q)P(Ho)+C, (1 — Qu)P(Hy)) (13)
T — N,T
Mes = (Co1 = Q)P (Ho) + C:(1 ~ Q)P (Hy)) (14)
where P(H,)and P(H,) are the probability of hypotheses H, and Hj, respectively.
In order to further evaluate EE, it is also necessary to analyze the EC of the proposed cooperation
mode among multiple UAVs and mini-slots as
Nec = NEo(Pe + B) + (T = N, — Ny7y) - (P(Ho)(1 = Q) + P(H)(1 = Qq)) - (P + R)(15)
nec,s = sts(Ps + Pc) + (T - sts)(P(Ho)(l - Qf)+P(H1)(1 - Qd))(Pu + Pc) (16)
where P; is the sensing power consumed by UAV, the power consumed by the circuit is P, P, is
the reporting power required in reporting slot. Following SE and EC, EE can be given by
Nse * T

= (17)
nee nec

4. SVM Dynamic Selection

According to above investigation and analysis, a series of voting rules have the same detection
performance, but the number of samples or EE still depends on the PU activity and decision
condition. In this section, SVM is used to classify the four voting rule corresponding to the different
PU scenarios. Through SVVV, it is straightforward for CUAVNSs to select the optimal voting rule and
achieve the best detection performance and efficiency.

4.1 Training Sample Set

To improve the generalizability of the model and algorithm, meanwhile, considering the
different peak periods of the PU utilizing the channel in different regions, the status of the PU changes
as time goes by, the PU activity divides into three scenarios, Scenarios 1, 2, and 3 respectively
correspond to the PU status, i.e., inactive, relatively active, and active. The active and inactive
correspond to the duration of the same state of the PU. If the PU frequently changes state after a small
number of spectrum sensing frames, the PU is regarded as the active state, and the state is changed
only after a large number of spectrum sensing frames, and the PU is regarded as the inactive state.
The relatively active is the intermediate state between the inactive state and the active state.

Figure 7. Label code tree.

As shown in Figure 7, the three-category of the PU activity is decomposed into two binary
classification problem, so the training sample sets of SVM are formed as

Dj = {(%1, €1), (22, C2), - (%ijp € ), o (3mjs Ca)} (18)

xij = (X1, %;2) (19)

where x;1,%;, respectively correspond to the mean and variance of the i-th mini-slot, C;; indicates

the training label. As a result of being transformed into two binary classification problems, there are

two datasets D;,j = 1,2. In order to find the partition hyperplane with “maximum margin” in the
two-dimensional sample set, its parameters must meet the following conditions
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2
max oy
e ol | o0
s.t. Cl-‘j(wjxi_]- +b) = 1, L= 1,2, ,N
j=1.2
To maximize the interval, we only need to maximize ”27” , which is equivalent to
minimizing ||w||, hence (20) can be rewritten as
1 2
migl 5 ”“’1‘ ”
w,
s. t. Cl-‘j(ijxi_]- + b) = 1, i= 1,2, ,N (21)
j=1.2

4.2 SVM Dynamic Selection

Considering the difference of the cooperative performance and efficiency of the voting rule, we
adopt SVM to classify the three scenarios of the PU before the FC fully accepts all/partial samples to
predict the current state of the PU, so as to always select the best voting rule in various sensing
environments and parameters.

5. Simulation Results

Table 2. Simulation parameters.

Symbol Parameter Value
B, Transmitting power of the PU 3W
T Each frame duration 100ms
Ts Each sensing duration 0.4ms
Ty Each reporting duration 0.4ms
Py Local detection probability 0.7
Pr Local false alarm probability 0.4

ggz:; Probability of hypotheses about the PU status 82
A Environment parameters 028
a 9.6
c Light speed 3*10%m/s
f Carrier frequency 2MHz
o2 Noise standard variance 1
B, Circuit power 0.04W
P Sensing power 0.08W
P, Reporting power 0.02W
h Flight height 500 m
SNR, SNR of the UAV 10 dB
SNR, SNR of the PU 15dB
Cios The average additional loss !
(nlos 20
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Figure 8. The false alarm/detection probability of different voting rules in Scenario 1.

In this section, numerical simulations are presented to verify the proposed DS1. Meanwhile, we
also make a comprehensive performance comparison between DS1 and CVR, SVR, and 51, in term of
the detection performance, sample size and EE. Further, SVM is used to dynamically select the

optimal voting rule in various PU scenarios to achieve the best cooperative performance and
efficiency.

5.1 Simulation Environments

To build a fair comparison framework, the sensing slot is divided into 100 mini-slots (the number
of UAVs N = 100 in the cooperation mode among multiple UAVs). The parameters, i.e., the local
performance, EC, reporting time, and transmission time etc., are all summarized in Table 2.

5.2 Performance Comparison of Voting Rule

Now, we conduct an insightful comparison and analysis on the detection performance, sample
size, and EE in various scenarios of the PU activity, respectively. We define the interval (the number
of sensing frames providing the same local decision at a stretch varies from 30 to 35, from 15 to 20,
from 1 to 5) of the PU activity as Scenarios 1, 2, and 3, respectively.

100 e krserkerrk—rrkrrrrtrhrkerhr—krirtrhrtrrtrr—trkr—drkr-t—rhr—d—rkr

9% [ —e—SVR |4

Sample Size
L

0 10 20 30 40 50 60 70 30 90 100
Voting Rule, K

Figure 9. The sample size of different voting rules in Scenario 1.
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Figure 10. EE of different voting rules in Scenario 1.

5.2.1. Scenario 1

In Scenario 1, the simulation results regarding global detection performance, sample size, and
EE are displayed in Figures 8-10. From Figure §, it is evident that all four voting rules exhibit same
detection performance. However, as the decision condition K increases, both the false alarm rate and
detection probability gradually decrease. This trend occurs due to the low channel usage of the PU
in Scenario 1, where the optimal decision condition K is not unique. Furthermore, the increment in
K leads to a harsher global decision of the voting rule, resulting in a reduction in both the false alarm
rate and detection probability.
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Figure 11. The false alarm/detection probability of different voting rules in Scenario 2.
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Figure 12. The sample size of different voting rules in Scenario 2.

However, we should point out that four voting rules get the same performance under the
different load of FC. So we provide with the tendency chart of sample size Figure 9 and relevant
analysis of FC. In Figure 9, we also see sample size of four voting rules received by FC in Scenario 1.
Since CVR needs to receive all samples at the FC, the sample size is always 100. But SVR’s sample
size first increases, then stabilizes (when K varies from 40 to 60), finally decreases as K increases,
unsurprisingly, and is actually a direct consequence of the sequential idea. Because both K decision
sample Isand N — K + 1 decision sample Os satisfy the decision condition, the sample size is almost
symmetric about K = 50. Nevertheless, different from SVR, S1 only accepts the decision sample 1,
resulting in that basically its sample size increases as K increases. Specifically, the sample size of S1
is higher than that SVR after K = 76 since N — K + 1 decision sample Os also makes the FC realize
the global decision. In contrast, our proposed DS1 always maintains a lower number of decision
samples due to the differential mechanism, which employs an efficient processing approach built
upon the sequential concept. As a result, it greatly reduces the number of samples necessary for the
global decision.
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Figure 13. EE of different voting rules in Scenario 2.
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Figure 14. The false alarm/detection probability of different voting rules in Scenario 3.

Considering the same detection performance, SVR and S1 have varying degrees of advantages
over CVR in the sample size, as shown in Figure 10, in addition to the sensing power, both of them
need to consume the reporting power to submit the decision samples to the FC in the cooperation
mode among multiple UAVs. Unlike them, DS1 can process decision samples on its own while
sensing without the need for the FC, which not only saves sensing time but also reporting time. As a
result, the EE of DS1 is always higher compared to the other three voting rules. Since C, > (;, the
first term in the right hand side of (15) or (16) dominates the achievable throughput [32]. The global
false alarm probability decreases as K increases, the sensing and circuit power also increases, that is
to say, EC increases faster than SE as K increases in DS], resulting in the decreasing EE while other
three voting rules are exactly the opposite.

However, it’s obvious that the number of sensing frames providing the same local decision at a
stretch has a serious influence on the load of FC using DS1, so we provide with Scenarios 1, 2, and
3 for giving a comprehensive evaluation for the performance of four voting rules, especially DS1. The
different scenario could be regarded as caused by the difference of the activity or the autocorrelation
of received signal. We will analyze Scenarios 2 and 3 using a similar approach.

Sample Size

0 10 20 30 40 50 60 70 80 90 100
Voting Rule, K

Figure 15. The sample size of different voting rules in Scenario 3.
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Figure 16. EE of different voting rules in Scenario 3.

5.2.2. Scenario 2

Compared to Scenario 1, Scenario 2 represents a more active scenario of PU. As a result, Figure
11 exhibits a wider performance range, while Figure 12 demonstrates more frequent changes in
sample size. The consequence is that the high usage of the PU channel makes the working range of
several voting rule wider and performance fluctuation more frequent. Even so, advantages of our
proposal with regard to sample size and EE is evident, which proves the high cooperative efficiency
of the proposed policy, as shown in Figure 13.

5.2.3. Scenario 3

When the PU is frequently active in Scenario 3, there are more decision sample 1s in CSS so that
the probability of a global decision 1 is greater. As a result, both the global false alarm and detection
probability are greater in Figure 14. Because of more decision sample 1s, a smaller or larger K makes
the number of samples easy to satisfy K 1 or N — K + 1 Os, the global decision of SVR is easy to be
made, and its sample size first increases, then decreases, as illustrated in Figure 15. In contrast, there
is no change in the sample size of CVR and S1, but comparing with Scenarios 1 and 2, the sample
size of DS1 has increased a bit. In view of EE of Scenario 3, EE of all voting rules are 0 in Figure 16
because of the detection performance when K < 16. Sequentially, the trend of EE is similar to
Scenario 2.
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Figure 18. EE of dynamic selection.

According to above simulation results of four voting rules in various PU activities, it can be seen
that though DS1 has no superiority in terms of detection performance, with the help of the sequential
idea and differential mechanism, it has absolute advantages in the sample size and EE, especially in
the cooperative mode among multiple mini-slots. There is no doubt that DS1 significantly improves
the cooperative efficiency.

5.3. Analysis of SVM Dynamic Selection

In a rich variety of sensing environments, the PU may be present or absent as time goes by, then
the PU activity randomly varies from Scenarios 1, 2, and 3. In front of this, the optimal performance
and efficiency can be achieved by means of SVM, as shown in Figures 17 and 18.

Since the PU randomly switches among Scenarios 1, 2, and 3, the false alarm and detection
probability decrease in a jittery manner as K increases. Following previous simulation results, SVM
dynamic selection has the same detection performance as well as four voting rules regardless of the
decision condition in Figure 17. Different from the detection performance, SVM dynamic selection is
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provided with the same EE as well as DS1 in Figure 18, which demonstrates that DS1 always has the
best EE among four voting rules at different K. That is to say, SVM dynamic selection can select the
optimal voting rule in a timely manner based on the changes in the PU scenario or decision condition.

6. Conclusions and Future Works

In this paper, we have conducted a comprehensive investigation of the voting rules (i.e., CVR,
SVR, and S51) for CSS and proposed DS1 based on the voting rule. In view of this, motivated by
drawbacks of the cooperative mode among multiple UAVs, we propose a cooperative mode among
multiple mini-slots to realize CSS, in which the decision samples are not needed to be submitted to
the FC via the reporting channel. Furthermore, through a series of analyses on CVR, SVR, and 51, we
are encouraged by the sequential idea and differential mechanism to propose a DS1 which
significantly reduces the number of decision samples required by the global decision making.
Additionally, we adopt SVM to dynamically select the optimal voting rule according to various
scenarios of the PU activity. This adaptive switching between voting rules enhances the capability to
handle complex PU scenarios in the future and enables the exploration of more efficient voting rule.
Finally, numerical simulation results demonstrate that the proposed DS1 always efficiently achieve
the best EE without the detection performance loss and the SVM dynamic selection is beneficial for
CUAVN:S to choose the best voting rule.

Although the impact of different voting rules in various PU scenarios has been taken into
consideration, in practice, the optimization of detection performance and EE remains a challenging
problem due to factors such as flight trajectories, channel models, and Byzantine attacks.
Furthermore, it should be noted that the method proposed in this paper is specifically designed for
voting rules as a data fusion technique. It may not be directly applicable or suitable for other data

fusion methods, highlighting the need for further exploration in the future.
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