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Cooperative spectrum sensing (CSS) involves multiple secondary users (SUs) reporting pri-
mary user (PU) channel sensing states to the fusion center (FC). However, the high over-
heads associated with multi-user CSS impose power limitations that limit its usefulness in
unmanned aerial vehicle (UAV) networks. To address this challenge, we propose a virtual
CSS, where a single UAV conducts CSS while following a circular flight trajectory in the air.
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1 Introduction

Unmanned aerial vehicles (UAVs) have recently attracted the interest of various commercial,
public, and industrial applications in a wide range because of their versatility. Integrating
UAVs with other wireless technologies and mobile networks can improve spectral efficiency
and offer innovative solutions to communication challenges, particularly in beyond fifth-gen-
eration (B5G) and sixth-generation (6G) future networks [1, 2]. Furthermore, the high altitude
of UAVs leads to line of sight (LOS) channels with the ground nodes, in contrast to the terres-
trial channels that suffer from multipath fading, shadowing, and severe path losses [3]. As a
result, various applications like military, telecommunication, surveillance, medical supplies
delivery, and rescue operations weigh the UAVs as perfect enablers for seamless communica-
tions [4]. The UAVs are also expected to be the center of 6G wireless networks, which have
gained significant attention from the research community and industry to support emerging
mobile services [5].

Nevertheless, UAVs traditionally serve in industrial scientific and medical (ISM) bands,
IEEE-S bands, and IEEE-L bands which are permanently exploited by other wireless technolo-
gies. It is foreseen that the growing devices force overcrowding of the available spectrum and
cause spectrum scarcity issues for the UAVs in the near future [6, 7]. Therefore, spectrum scar-
city is an inevitable challenge for UAV-based communication networks. Furthermore, another
obstacle for UAV communication is the energy constraints since the limited battery power is
the source for flight, hover, and communications [8]. Therefore, UAVs’ integration with cog-
nitive radio (CR) technology can benefit from dynamic spectrum access (DSA) to provide
solutions to the problems. The assimilation of the UAVs with CR enables UAV's to exploit and
operate in licensed and unlicensed spectrum bands. In this context, among the other goals,
spectrum sensing is a crucial function for the CR system, as different spectrum management
results rely on sensing performance. A CR-featured device can follow an individual or cooper-
ative spectrum sensing (CSS) mode to detect spectrum availability. In individual sensing, a sin-
gle secondary user (SU) independently senses the primary user (PU) channel and decides the
channel availability. At the same time, in the CSS, all SUs report their local findings for a final
decision to the fusion center (FC) [9].

1.1 Related work

Numerous studies have been conducted to address the challenges of spectrum sensing in
UAV-based cognitive radio networks (CRN). For instance, [1] supplies a spectrum congestion
solution using relaying UAV's between the terrestrial PU and SU in the underlay network. A
long-term secondary throughput is addressed through fusing adjusted deep deterministic pol-
icy gradient (ADDPG) and convex optimization in [10]. The investigation into the influence
of sensing energy and data availability on the secondary throughput of an energy-harvesting
CRN is outlined in [11]. This study emphasizes using energy harvested from primary signals
to power secondary transmitters. A survey in [12] delves into CSS within mobile energy-har-
vesting CRNG. The article aims to devise an optimal CSS strategy, particularly regarding the
final decision threshold k to maximize the anticipated achievable network throughput. This
scheme is carried out while considering collision and energy causality constraints. In the con-
text of swarm UAVs, [13] suggests a pioneering collaborative search and localization approach.
This method relies on a low-complexity Q-learning algorithm and a fast Fourier transforma-
tion (FFT)-based location prediction algorithm. Addressing the constraints of software-
defined radio (SDR) deployments, [14] contributes by introducing a resource allocation strat-
egy for CRes, specifically those implemented using SDR technology that enhances spectrum uti-
lization. The work in [15] showcases the application of machine learning models to predict
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spectrum usage within a network. The model leverages a dataset to distinguish between voice
and data communication, aiding spectrum prediction. A novel approach to boosting spectrum
utilization in cognitive UAV networks is mentioned in [16]. This approach integrates a contin-
uous hidden Markov model with a unique signal-to-noise ratio (SNR) estimation method
within a CSS scheme. Likewise, a joint optimization solution is provided in [17] for the overlay
operating mode. Here, the CR-enabled UAV performs sensing and tunes to the right fre-
quency by finding the 3-dimensional (3D) location and optimal resource allocation to support
the secondary and primary transmission needs. In [18], UAVs assist terrestrial network com-
munication by supervising spectrum sensing operations. The UAV acts as an energy-harvest-
ing sensing node by moving around the PU and delivering information to the destination
using the vacant spectrum. The study in [8] has enabled UAVs to adjust the single slot sensing
radian to achieve specific detection probabilities. In addition, the assumed energy-harvested
UAV-CRN has achieved high spectral efficiency (SE) and energy efficiency (EE) under limited
UAYV power constraints. Compared with single SU reinforcement learning design studies, a
cluster of UAVs in [19] offers collaborative solutions through multi-agent-reinforcement
learning (MARL). This includes cognitive UAV's as randomly distributed SUs in the air and
the PUs transmitters or opposing jammers in the network. The work in [20] proposes a 3D
joint spatial-temporal spectrum sensing in heterogeneous space, which leverages the UAV
spectrum sensors’ location flexibility. The discussed literature considers multi-user CSS for the
UAV-CR system to improve the throughput and detection performance. However, these stud-
ies must consider that sensing PU activity through the multi-user CSS requires extensive com-
munication resources.

Although CSS with multiple sensing nodes provides high sensing performance, reporting
delay, control channel bandwidth, and high energy cost limit its persuasiveness for the
UAV-CR network. In this regard, multi-slot CSS is proposed in [21-24], which divides the
sensing period into many small durations to make local decisions. The local decisions in these
sensing slots are combined with the voting rule to make a final decision. However, too many
local multi-slot choices also result in high energy consumption, which limits the CSS effective-
ness for the UAV-CR environment as the UAV has power limitations. Moreover, as in the
well-known virtual CSS, many sensing slots with fixed periods may limit the network perfor-
mance. Hence fewer sensing decisions with reconfigurable mini-slot duration will increase the
data transmission rate, network throughput and energy efficiency. Table 1 summarizes the
related works.

Energy efficiency and throughput achievements are critical and demanding issues in the
UAV-based CR networks. This work addresses these crucial concerns. The significant contri-
butions of this paper can be itemized as follows:

o This paper proposes a virtual cooperative environment with a single UAV serving like multi-
ple SUs in the typical CSS environments. Thus, to achieve a virtual cooperative environment,
the frame structure of the flying UAV is divided into sensing (sensing radian) and data trans-
mission time (transmission radian). The sensing time is further divided into mini-slot radi-
ans to get high throughput and reduce the number of local decisions which suit the UAV’s
power limitations. The UAV performs local sensing in these mini-slots and combines all
decisions to form a final decision using the proposed sequential decision fusion (SDF)
scheme.

The proposed SDF scheme sequentially adds binary decisions of the mini-slots and com-
pares them with the adaptive threshold through majority voting in the k — in — N rule. The
UAV first reconfigures its mini-slot sensing time using a machine learning (ML) adaptive
boosting (AdaBoost) boosted tree ensemble classifier (ENC) by inspecting UAV flight
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Table 1. Literature summary of related work.

Research topic on UAV-based sensing Modeling Approach References
Spectrum congestion solution with relaying UAV. Power control procedure compared to numerical methods. [1]
Enhance energy and spectrum efficiency. Intra-frame structure-based cognitive UAV-CSS. [4]
Optimize EE and user outages. Multi-Agent Reinforcement Learning. [5]
EE and SE for UAV-CRN. Delay aware-approximate optimization strategy. [8]
Optimize the long-term secondary throughput. ADDPG and convex optimization. [10]
Impacts of sensing energy and data availability on the secondary throughput. | General data arrival and heavy data arrival processes. [11]
CSS for mobile energy harvesting CRN. General k-out-of-M fusion rule. [12]
Interference source localization. Low complexity Q-learning and FFT. [13]
Alleviation of limitations in SDR deployment. Markov random field framework. [14]
Voice or data communication spectrum prediction. Machine learning algorithm. [15]
Enhanced spectrum utilization in cognitive UAVs. Continuous hidden Markov model. [16]
3D positioning and power allocation. Joint optimization solution with adapted particle swarm optimization. | [17]
Sensing decision and throughput improvement. UAV-assisted energy harvested CR relay network. [18]
Channel access in the clustered cognitive UAV network. Multi-agent reinforcement learning. [19]
Spectrum sensing optimization. 3D spatial-temporal spectrum sensing framework. [20]
CSS in the presence of a Byzantine attack. Sequential voting rule. [21]
Energy efficient interweaves UAV-based CSS. Multi-sensing slot voting scheme. [22]
CSS with efficient SDF for the terrestrial CRN. Sequential decision fusion for multiple SUs. [23]
EE multi-radian overlay sensing in the UAV-CRN. Alternative Iterative Optimization (AIO) algorithm. [24]

https://doi.org/10.1371/journal.pone.0291077.t001

characteristics and sensing demands. These include flight radius, rotation velocity, received
SNRs of the channel, detection, and false alarm probability demands. Compared with hold-
ing their fixed slot approach, this re-adjustment of the sensing time using ENC improves the
throughput and energy efficiency results of the SDF and traditional decision fusion (TDF)
schemes.

« Moreover, an optimal decision threshold (ODT) is determined for the SDF through a simple
search technique in the N mini-slots, which results in low average decisions for the SDF-
based virtual cooperative scheme compared to the TDF scheme. The ODT selection
improves the throughput and energy efficiency of the proposed SDF cooperative scheme, as
the TDF scheme always requires a complete set of mini-slot decisions for its majority voting
k—in—N.

2 Materials and methods
2.1 UAV flight path and frame structure

This section shows the UAV circular flight path and frame structure to sense the PU spectrum
availability in the interweave mode of the UAV-based CRN. In this model, a single UAV plays
the role of multiple SUs to achieve an energy-efficient virtual CSS. Fig 1 shows the PU located
at the center with UAV following a circular trajectory in the air. The UAV detects the PU
channel availability through local spectrum sensing in the sensing radian and starts transmit-
ting during the data transmission if the channel is detected free. As shown in Fig 1, the sensing
radius is R, where the UAV can sense the PU channel. Similarly, to avoid interference with the
PU, UAV’s sensing is not allowed inside the protected radius of R,. The UAV detects the PU
signal in the 3-dimensional (3D) ring-shaped space and accesses the vacant spectral band.
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Fig 1. UAV based spectrum sensing model.
https://doi.org/10.1371/journal.pone.0291077.9001

As the UAV inside the protected and outside the sensing radius cannot participate in spec-
trum sensing, they still achieve dynamic spectrum sharing through other relaying UAVs in the
network. Fig 2 shows the division of the UAV’s periodic sensing frame structure into sensing
time N7, and data transmission time 7,5, as in Table 2. Thus, the increase of sensing time is

I
Sensing Time Data Transmission Time

Frame Duration (T)

Fig 2. Frame structure with virtual sensing and data transmission time.

https://doi.org/10.1371/journal.pone.0291077.g002
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Table 2. List of mathematical notations.

Term Description

To; i™ mini-slot sensing time

T4 data transmission time

T total duration of a frame

si(m) PU signal in the i mini-slot

Eiy) Received signal energy

Q) Complementary distribution function

T Local decision in the i mini-slot

ci, C}df TDF cooperative detection and false alarm probabilities
cr, C;'df SDF cooperative detection and false alarm probabilities
F(q) TDF global decision

w(N, k, P;) Average decisions of the k — in — N with probability P;
g(q) Channel gain of the g, frame

To, Ty Throughput in the H, and H; hypothesis

0; i mini-slot sensing radian

X; i" feature vector

e (x;) Compound prediction of the r classifiers

hy(x), ap p™ classifier prediction and weight

P(H,), P(H,) Probabilities of Hy and H,

Q') Inverse complementary Gaussian distribution

o() Negative binomial distribution function

https://doi.org/10.1371/journal.pone.0291077.t1002

evident with increasing the number of mini-slots N or expanding the mini-slot duration 7.
Similarly, rising 7, lowers the data transmission time 7, and reduces the UAV’s chances to
transmit more data. Fig 3 shows the UAV’s flight around the PU with 7, and 7, representation
in radian [25]. The UAV is assumed to have a flight radius of  with a constant flight altitude h.
The UAV to PU sensing distance can be expressed as

= TR o

where R, <s <R,

In the UAV-based CR networks, the UAV senses the PU spectrum and utilizes the detected
opportunity. In contrast to the ground sensing nodes, the channel from the UAV-based CR to
the PU is a LOS. Hence, the UAV sensing system reduces the severe fading effects of terrestrial
communication. Therefore, a single UAV can achieve better sensing results than the ground-
based CSS with multiple SUs.

2.2 Multi-slot virtual cooperative sensing scheme

While a single UAV can establish a LOS connection with the ground PU, there are several lim-
itations with a single UAV for spectrum sensing. These limitations include the UAV’s limited
sensing capability due to physical and technical characteristics. Furthermore, interference
from other sources, such as other UAVs or ground-based devices, and multipath fading can
also cause fluctuations in the received signal strength at the UAV, affecting the accuracy of
spectrum sensing [25, 26].

As the energy consumption is high in the conventional multiple nodes CSS, the diversity
gain of the single UAV is obtained in the virtual CSS by combining the local measurements
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Velocity v

(@)

Fig 3. Flight model of the UAV.
https://doi.org/10.1371/journal.pone.0291077.9003

from different viewpoints, resulting in a more comprehensive and accurate picture of the spec-
trum occupancy. Virtual CSS is an energy-efficient cooperative scheme that acquires high
sensing performance compared with multi-user cooperation. In the assumed virtual CSS, the
flight path consists of the sensing and data transmission radians. The UAV has either to con-
sume more fixed sensing time to make the final decision or to divide the sensing time into
multiple sensing slots to make the final decision. A scheme that employs a single sensing and
data transmission time slot, with a sensing duration similar to the combined period of N
multi-slots, provides comparable sensing performance. Still, it has a lower throughput and
high energy consumption. Hence, the multi-slot scheme stops sensing for the subsequent sens-
ing slots and switches to another channel for sensing when the PU is detected.

The UAV flight path is shown as a 2-dimensional (2D) plane in Fig 3 with a radius of r. For
better illustration, the flight path is represented in radians. The virtual cooperative model’s
periodic frame structure divides the flight track into N sensing radian duration of 6; and ¢ data
transmission radian. Hence, the sensing period of the i mini-slot is represented in time for a
uniform flight velocity v and radius r as

T, =—. (2)

For fixed v and r values, a reconfiguration and careful selection of 6; leads to the effective values
of the sensing time 7,. Similarly, the data transmission duration 7, at the available channel is
given by

r
7, :“’7. (3)

Next, the UAV conducts local spectrum sensing in the N mini-slots and integrates the
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decisions for better sensing results. The PU state is assumed to remain stable within N mini-
slots of the UAV frame structure. Thus, all the virtual mini-slots observe similar PU conditions
in the sensing period. Therefore, it is worth mentioning that the PU is believed not to change
its state from H, to H, or H; to H, in the mini-slots local decisions of a given frame.

2.2.1 Local spectrum sensing. The UAVs locally decide the channel availability in each
sensing interval by following the energy detector scheme. The energy detector is considered
favored for the given environment because it has no requirements of the PU channel prior
knowledge. Furthermore, an energy detector is also less complex and enables effortless imple-
mentation. Therefore, the presence and absence states of the PU in the i local mini-slot are

represented as [27]
u;(m) tH,
y,(m) = { : (4)
g(k)s,(m) +u,(m) : H,

where H, is the absence and H, is the present hypothesis of the PU signal. The received PU sig-
nal s;(m) at the UAV in the i mini-slot is distorted by the qth frame channel gain g(q). u;(m) is
the complex Gaussian noise assumed to be independent of s;(m) [28].

The UAYV receiver is located at a distance of s from the PU transmitter, and the signal passes
through free space to the UAV. The channel model provides LOS communication and the
signal flows along a circular flight, experiencing no obstruction between the PU transmitter
and the UAV receiver [29]. Similarly, the channel gains g(q) = <is at the unit distance with
& = c/(47f,), where f, denotes the sampling frequency [30].

The UAV’s received signal energy can be represented as

E(y) = ZI%(M)V, (5)

where M is the number of samples. According to the central limit theorem, when M is suffi-
ciently large, E;(y) takes the form as

N(y,, o2) :H,
E,-<y>~{ (i 20) L (6)

H,

where y, = Mo, and o, = 2Mo, denote the mean and variance under the H,, hypothesis
while 1, = M(y + 1)0?, and 6> = 2M(y + 1)*a! represent the mean and variance with H,.
7 = |g(k)|’a?/a? is the PU average SNR at the mini-slot of interest.

The mini-slot local sensing energy is compared with the mini-slot decision threshold A to
determine local detection and false probabilities as [31].

Pf - P(Ei()’) > /1|H0)
B ) r0.1.\ - (7)
- Q((a—g -1) T)

P, = P(E(y) > 4H,)

- Q((aé(?ﬂ 1) 1) revifs> | )

where Q(.) denotes the standard Gaussian complementary distribution function.
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2.3 Virtual cooperative sensing with TDF rule

In the conventional CSS, the FC collects multiple SUs’ decisions to issue a global decision on
the spectrum availability using either the hard or soft fusion rule. In this regard, the k — in - N
fusion is a hard straightforward rule, such that if k out of N decisions from the multiple users
declare the PU channel busy, the FC must broadcast the channel busy [32]. On the other hand,
TDF is a multi-slot virtual CSS that uses the k — in — N rule for the final decision. The TDF
scheme considers similar functionality of the PU channel availability within all mini-slots of
the sensing frame for making global decisions. Thus TDF performs local spectrum sensing in
these mini-slots and outputs a final binary decision based on the hard k — in — N rule [33]. The
global decision F(g) of the TDF rule following the k — in — N rule is described as

ZN:ri <k :H,
Flg={ , (9)

zN:r,. >k :H
i=1

where r; is the local decision in the i mini-slot. The CSS using the mini-sensing slots exploits
the diversity of the virtual sensing and reduces the individual slot sensitivity to improve the
detection performance. Therefore, the requirement for a strong FC can be reduced and the
sensing cost also can be concentrated in a UAV-CR network [33].

The k — in — N rule is a suitable combination scheme for TDF because of its low complexity
with little preliminary information on the PU signal. A fixed number of decisions is always
required for the TDF rule regardless of the kind of decision threshold adopted in each frame to
make the global decision. Therefore, multi-slot virtual CSS with TDF has improved detection
performance at the cost of high control channel overhead, reporting delay, and more energy
consumption which restricts the cooperative gain. Because the UAVs have limited battery
power, energy efficiency must be considered for the UAV’s virtual cooperative sensing. The
final detection C¥ and false alarm C;df probabilities of the TDF based on the k — in — N rule
can be presented as

N /N . _
= Z( ‘ )P}(l —-P)", (10)

2.4 Virtual cooperative sensing with SDF rule

Energy-efficient SDF virtual CSS is the best alternative to reduce the difficulties in the TDF
scheme. This modification is encouraged by adding a sequential idea into the TDF to lower the
local decisions and improve energy efficiency. The sequential detection scheme achieves
almost identical detection performance with minimum average decisions compared with the
fixed number of decision schemes [33].

The SDF sequentially processes the local spectrum sensing decisions in each mini-slot until
the global decision establishment for the k — in — N rule. The first mini-slot sensing decision r,
is matched with the voting threshold k. Hypothesis H, is selected for r; higher than k and the
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local sensing process is suspended. Then, the UAV switches to another channel and continues
sensing. Otherwise, the UAV employs the data transmission slot to access the channel. Simi-
larly, sensing at the second mini-slot is performed and the decision is made as r,. The first and
the second mini-slot decisions (] + r,) is compared with the decision threshold k to decide
either H, or Hy,. Hence the sensing process continues until X(ry, r5 - - -, ry). If the N'local out-
comes are yet lower than k, the H, global decision is decided; otherwise, H; is selected.

Assuming P; is the mini-slot probability to state 1, the average number of decisions that sat-
isfy the k — in — N is defined as

W(N7k7pl) = Zi{¢(i7 k, Pl)

+¢(i, N—k+1, 1—P))},

(12)

w—1

where ¢(w, u,p) = <

distribution function. In the mini-slots global decision, there are either (k) 1’s decisions or
(N-k—-1)0’s findings. Hence,

. ) p“(1 — p)" " represents the probability of the negative binomial
u—

> ¢, k, P)+ (i, N—k+1, 1-P) =1 (13)

This equation represents the sum of cooperative detection C;’ (k) and miss detection C (k)
probabilities equal to 1. Therefore, fewer average decisions are required in the virtual coopera-
tive sensing with the SDF rule as ¢(N, k, P;) < N. According to the Bayes theorem, the average
decision is represented as

A(k) = (b(N’ k, Pf)P(H0)+¢(N7 k, Pd)P(Hl)

N-1 Nek
(V) e

k-1 (14)

N-1 Nk
+ Py(1—P,)" "P(H,),
k—1
where P(H,) and P(H;) denote the probabilities of the hypothesis of Hy and H;. The CSS’s
energy efficiency also improves since the SDF involves minimum local decisions to finalize a
global decision. Hence, for the case of fixed frame duration 7, sensing decision reduction
means lowering A(k)7,, which leads to the extension of the data transmission duration 7, The
SDF scheme global false alarm and detection probabilities are

N [i—1
C (k) = Z(k 1) P(1— P, (15)

N [i—1
¥ (k) = Z(k 1) P(1— )™~ (16)

In theory, the SDF scheme achieves similar detection and false alarm results to the TDF, for
any k lies in the range from k = 1 to k = N. However, the SDF dominates the TDF in achieving
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high throughput performances with vigorous choices to expand its data transmission time.
Throughput enhancement will be briefly discussed in the next section.

2.5 UAV-CR network throughput
The UAV throughputs Tj and T in the absence and presence of the PU are formulated as

2
T, = log, (1 Jrg(k_)th>’ (17)
o

0

o g(k°P,_
= tog. (14 S0 18)

where y is the average SNR from the PU to the UAV and P, denotes the transmit power of the
UAV. The UAV can continue to transmit data in both Hy and H, as case 0 and case 1. In H,
the cooperative decision shows the PU channel is idle when it is free. Hence, there are no false
alarm results when the UAV performs spectrum sensing, and the achievable throughput is
7,To/7. The H; hypothesis shows the PU’s presence while the cooperative decision is idle.
Therefore, the miss detection probability appears, and the UAV access interferes with normal
PU operations. In this case, the UAV achievable throughput is defined as 7,;T;/7. The probabil-

ities of case 0 and case 1 are given as (1 — C;df(k)) P(H,) and (1 — C (k)) P(H,). Hence, the
case 0 throughput T, (k) = T, (1 - C}df (k)) P(H,), and case 1 throughput T,(k) are derived

as

T,(k) = 27,(1- G ()) P(H,), (19)
and
T(k) = 41,1 = G () P(H). (20)

Then, the average throughput is given by
T(k) = T;(k) + T,(k). (21)

In the above equation, the T(k) term on the right dominates the T4(k) as To > T. In addition,
the UAV-based CR may allow an abnormal data transmission of the UAV in T,(k) as the UAV
and the PU communication interfere. Since T, > T}, the term on the right side of (21) domi-
nates the average throughput. The approximate value of the average throughput is denoted as
T(k), which can be simplified and approximated as

T(k) = T,(K). (22)

The data transmission of the TDF 1, = 7 — N7, is of fixed duration as local sensing decisions N
and 7; are specified. However, 7, can be adjusted to maximize TDF throughput. On the other
hand, data transmission time in the SDF 7,; = 7 — A(k)7, is more vibrant than the TDF for each
frame. This shows that the average decisions of the SDF scheme depend on 7, and optimal
threshold selection. Therefore, an optimal choice of the decision threshold k and sensing time
in the virtual cooperative sensing maximizes the achievable throughput of the UAV-CR
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network for each frame. The throughput optimization problem is mathematically stated as

Tur(z) =~ _TN 51, (1- ) p(H,), (23)
Tk e) = AL (1 cm) by, en

where 1 < k < Nand T, T*¥ represent the throughputs of the TDF and SDF schemes.

First, the UAV adjusts its sensing time 7, = ’—f’ using an ensembled classifier to reconfigure
the mini-slot sensing duration in radians (6;). A reconfiguration of the mini-slots according to
UAV rotation features and sensing requirements helps UAVs to adjust the sensing time for
improved throughput. Similarly, the well-known TDF scheme depletes consistent local deci-
sions while making a global decision. On the other hand, ODT for the k — in — N of the SDF is
selected as the simple search technique that maximizes throughput for a specified sensing time
7,. The throughput improvement is briefly discussed in the following sections.

2.5.1 Sensing time adjustment through ensemble classifier. This section reconfigures
the mini-slot sensing radians for the UAVs TDF and SDF virtual CSS as in Fig 4. The UAV
accomplishes this by considering various flight conditions, such as flight radius, flight velocity,
received SNRs, sampling frequency, and mini-slot sensing requirements, such as detection and
false alarm probabilities. Eq (8) can be expressed in terms of (7) as follows

(B — 1
%‘Q< CESG) )' =

Solving the above for 6;

- {(Ql(Pf)—(Hf 1)Ql(Pd>> ﬁ}7 (26)
VAVAIS

where Q7! (-) denotes the inverse complementary Gaussian distribution functions. The opti-
mal sensing angle for a given detection, false alarm, radius, velocity, and SNR requirements in
(26) requires the solution of a non-convex function, which is hard to get in real-time. This
motivates us to develop a dataset to train the boosted tree ensemble classifier, which uses the
AdaBoost ensembling method and to predict the multi-slot sensing radians 0; further when
the model is trained. A configurable value of the sensing angle 6; adjusts the sensing time as
1, = "% according to UAV flight conditions and mini-slot sensing demands.

The result in (26) is first used to create the dataset for training and testing various ML clas-
sifiers as

T:[tl ty - tn]Ta (27)

t1, t,, and t,, are the n feature vectors consisting of the target detection probability P, false
alarm probability P; SNRs, UAV velocity v and flight radius  as the input and the sensing
radian 6; as the response to be classified.

This work inspected the training and testing performance of ENC, decision tree (DT), lin-
ear regression, random forest classifier (RFC), k-nearest neighbor (KNN), neural network
(NN), and Gaussian naive bayes (GNB). The classifier performing better in the training and
testing phases is selected and utilized in the virtual CSS to make accurate sensing decisions.
The suggested ENC produced better training and testing classification performance and the
trained ENC model was chosen to find sensing radians for the TDF and SDF schemes.
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The training set T'is an n’ x (m + 1) matrix in the space T € RAxm+D) o
T= [xi|yi]7 ie {1,”-,1’1/}. (28)

The input training data to the ensemble classifier in matrix T has X and Y sub-matrices. Here
X is the #’' x m feature matrix, and Y'is the #’ x 1 output label matrix consisting of sensing
radian information.

ENC is briefly discussed here due to its high classification performance. In the boosted tree
ENC with the AdaBoost ensembling technique, each " classifier is set with decision weights
by knowing the predictions of the r — 1 classifiers to express the boosted classifier as

r—1
e, (x) = ah(x),pef{l,2,.,r—1}ie{l,.,n}, (29)
p=1

where h,,(x;) is the pth classifier prediction and a, is the weight assigned to the classifier predic-
tion score.

Similarly, the ™ classifier’s prediction is included with 4.(x;) as a predicted value and a,
optimum weights to form a better-boosted classifier as

r—1
er(xi) = Zaphp<xi> + arhr(xi)' (30)
p=1
Using the value from (29), the above can be written as

er('xi) - er—l(xi) + “rhr(xi)v (31)

where e, (x;) is the compound predicted value obtained by grouping the r classifiers. We are
interested in a closed-form formula for ¢, which assigns @, a value such that the total error of

(1), -

e

prediction is minimized

Because W, = W — W,, where W is the total sum of the weights, therefore

1 w-w
o, 2n< ) (33)

e
The expression for the weight o, in the final form is

1 1—e,
ocr—iln< . ), (34)

m

where e, ="/ is the weighted error rate of the weak classifier h,.

The UAV using well-known virtual CSS is manually tuned to a suitable velocity and flight
radius to get higher throughput and reduce sensing decisions while deciding the PU channel
availability. On the other hand, UAVs adjust their sensing slot durations according to any vari-
ations in the flight velocity, flight radius, and SNRs of the channel while following machine
learning with the AdaBoost ENC scheme. The duration of the sensing slot remains constant
until there is a modification in the UAV’s characteristics. Thus, when either parameter of the
UAYV changes, the ENC will automatically readjust its mini-slot duration, which in turn modi-
fies the sensing time accordingly. The trained ENC estimate 6; as y;, which adjusts the sensing
time 7, = % The UAV then employs the modified time in the mini-slot of TDF and SDF
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schemes. This ability is essential for the effective and efficient operation of the virtual CSS in
dynamic environments when the UAV characteristics are changed.

2.5.2 Decision threshold computation. The ODT computation in this section will further
improve the SDF throughput for a given 7, of ENC estimation. The ODT is determined by tak-
ing the SDF throughput derivative in (24) for k as

T (k,t) =T¥(k+1,7) — T (k,1,), (35)
1k = AR g () ey »
36

- %(k)fs T0(1 - C}df(k))P(HU).

The above T, (k, t,) > 0 is equivalent to the following

Ty(k,1) = ((t — Ak +1)1.)(1 — G¥(k+ 1)) — (x — A(k)r,)(1 — C7 (k) > 0. (37)

For a fixed frame duration, assuming t = N7, with N > N, T,(k, 7,) can be expressed as

(G (k+1) = 1)A(k+ 1)z,
T (k) = > 0. (38)
+(1 = G (k) AK)T, + (G (k) — G (k+ 1))Nr,

N

The above formula states that T, (k, t,) > 0 for a known value of the sensing time 7, according

to assumption N > N. Similarly, T*¥(k, 1,)is also an increasing function of the decision thresh-
old k. As the maximum possible value of k is N, therefore, maximum T¥(k, 7,) is achieved at

k = N. The optimal decision threshold is determined as k = N. However, the optimal decision
threshold k in closed-form expression is unavailable and a search over all possible values is
required. Thus, it is concluded that since k is an integer in the 1 < k < N range, it is easy to
search for the decision threshold k [24, 34].

3 Simulation results and discussions

Intensive simulation is performed to get the results for simple SDF and TDF, along with ENC
and ODT (ENCODT)-based TDF and SDF schemes. Furthermore, we confirm the accuracy
and efficiency of our theoretical evaluations regarding the attainable throughput for UAV-
based cognitive radio systems. The PU channel state is assumed to remain constant in the
multi-slots of a given frame. The simulation network comprises a single PU and UAV with a
CR feature. The UAV is supposed to rotate around a fixed location PU at a constant height.
The PU transmission power in the network is stable. Table 3 shows the simulation parameters
with a hypothesis probability of 0.5, frame duration of 600sec, UAV height of 200m, and 20
mini-slots. The frames counted for the UAV sensing are 10° with a sampling frequency of
600MHz. The mini sensing radian for the SDF and TDF without ML is 1/27. The sensing
radian is then predicted through the trained ENC in the TDF-ENC and SDF-ENCODT
schemes. We tested various ML classifiers to find their suitability for improving the SDF and
TDF performance. The mini sensing radian for the SDF and TDF without ML is 1/27. The
sensing radian is then predicted through the trained ENC in the TDF-ENC and SDF-EN-
CODT schemes. We tested various ML classifiers to find their suitability for improving the
SDF and TDF performance. Table 4 summarizes the simulation scenarios in the result section.
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Table 3. Simulation parameters.
Parameter

Hypothesis probability

Sensing frame

Frame duration

UAYV height

Sampling frequency

Number of mini-slots

Sensing radian of TDF and SDF without ML
Energy threshold

Noise standard variance

Range of velocity in the dataset

Range of the flight radius in the dataset
SNRs in the dataset

Detection probability in the dataset

https://doi.org/10.1371/journal.pone.0291077.t1003

Term Value
P(H,)/P(H,) 0.5
q 10°
T 600s
h 200m
f. 600MHz
N 20
0 1/2n

1.008
[ 1
v 5m/s ~ 30m/s
r 150m ~ 500m
v —20dB ~ -10dB
P, 0.5 ~ 1.0

3.1 Creating dataset and ML classifier selection

Our study involves creating a dataset using the results obtained from (26), which was used to
train and test various machine learning classifiers. The main objective of this approach is to
identify a classifier that demonstrates high performance in both the training and testing
phases, with the ultimate goal of predicting mini-slot sensing radians accurately. To construct
the dataset, we measure the mini-slot duration in radians for different values of the UAV flight
velocity v, UAV flight radius r, received signal-to-noise ratios (SNRs) 7, detection probability
P, and false alarm probability P. We generate the dataset by varying the velocity values
between 5(m/s) and 30(m/s), with steps of 5(m/s) between each value. The UAV flight radius
varies in increments of 20m, ranging from 150m to 500m. Similarly, the SNRs are adjusted at
intervals of 1dB between -20dB and -10dB. The detection probabilities vary from 0.5 to 1 in
steps of 0.04. We keep the sampling frequency constant at 600MHz, and the program com-
putes sensing radians for different values of these variables within the specified ranges. This

results in 35, 000 input and output features (6,).

Table 4. Simulation scenarios.

Section |Scenario

3.1 Creating the dataset and ML classifier selection.
3.2. Normalized throughput.

3.3. Average number of decisions.

3.4. Cooperative sensing decision.

https://doi.org/10.1371/journal.pone.0291077.t1004

To evaluate the performance of different

Sub-Scenario

» Micro average training performance of the classifiers.
» Micro average testing performance of the classifiers.
« Relation with decision threshold.

« Relation with flight velocity.

« Relation with detection probability.

« Relation with SNRs.

« Relation with flight velocity.

« Relation with decision threshold.

« Relation with detection probability.

« Relation with SNRs.

« Relation with flight radius.

« Relation with SNRs.

« Relation with flight velocity.
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classifiers and determine the most suitable one for the given problem, we initially randomize
the data and then partition the dataset into 80% training and 20% testing. We categorize the
data into training and testing sets to select a suitable classifier that yields high classification
performance.

We checked the performance of DT, KNN, RFC, NN, ENC, and GNB classifiers in
MATLAB and Python. In the ENC, AdaBoost is employed with decision tree learning. The
learner rate is set to 0.1, with maximum splits being 20 and the total number of learners 30.
The NN tested in this model has three fully connected layers, with a layer size equal to 10, and
uses the rectified linear unit (ReLU) activation function. The maximum number of iterations
in the NN is set to 1000. The RFC has a forest of 100 trees, with Gini as the split criteria. The
KNN algorithm uses the euclidean distance metric to measure the distance between the test
and training points. Finally, the DT used in this model has a maximum split of 100 and uses
the Gini diversity splitting criteria. Figs 5 and 6 show the training and testing performance of
the classifiers in terms of micro-average-precision (MiAP), micro-average-sensitivity (MiAS),
micro-average-specificity (MiASp), micro-average-F1 (MiAF1) score, and micro-average-
accuracy (MiAA) [35-37].

The ENC produces better precision, sensitivity, accuracy, and F1 scores than the other ML
classifiers to predict the mini-slot sensing radian in training and testing. The trained ENC
model further enables the UAV to adjust sensing radians according to its flight velocity, flight
radius, SNRs of the channel, target detection, and false alarm probability demands. The esti-
mated radian measures the throughput and average decisions for the TDF-ENC and SDF-EN-
CODT schemes in the following sections.

Figs 7-14 in the following section show the normalized throughput performance for the
traditional SDF, TDF, SDF-ENCODT, and TDF-ENC schemes against changes in the UAV
flight velocity, decision threshold, target detection probability, and SNRs.

3.2 Normalized throughput

The decision threshold, rotation velocity, detection probability, and SNRs relation with nor-
malized throughput are briefly discussed in this section. In the assumed virtual CSS, the mini-
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Fig 5. Training micro average performance of the classifier.

https://doi.org/10.1371/journal.pone.0291077.g005
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Fig 7. Normalized throughput vs. decision threshold at r (200m, 800m), v (10m/s), y (-18dB).
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slot sensing time is 7, = ’—f’ In the traditional virtual CSS approach with a fixed sensing radian
0, the sensing radius and UAV velocity need careful adjustments and tuning to achieve an
optimal sensing time. Without this adjustment, the tradeoff problem may not exist in scenarios
where r = 100m and SNR=-18dB or r = 800m and SNR varies from -17dB to -19dB. The results
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Fig 9. Normalized throughput vs. flight velocity at r (100m, 300m).
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in Figs 7-14 show that the sensing radius and flight velocity significantly impact throughput,
while the SNR minimally affects the throughput of simple SDF and TDF schemes. However,
TDF-ENC and SDF-ENCODT provided higher throughput than TDF and simple SDF
schemes, as they adjust the slot sensing radian to compensate for changes in flight radius, flight
velocity, and SNRs.

3.2.1 Normalized throughput relation with a decision threshold. Normalized through-
put relation with the increase in decision threshold is shown for the simple SDF and SDF-EN-
CODT in Figs 7 and 8. As the TDF has a fixed number of decision thresholds (k), the
comparison is shown for the SDF and SDF-ENCODT schemes. Fig 7 shows the throughput
against the decision threshold increase at two flight radius levels, r; (200m) and r, (800m). The
figure shows an increase in throughput with increasing decision thresholds. Thus, the maxi-
mum throughput according to the ODT is determined to be at k = N. The figure shows lower
throughput of the simple SDF at r, than r; when the decision threshold crosses the critical
point. The SDF-ENCODT has almost identical throughput results at r; and r,, compensating
for the changing radius by adjusting the sensing radian. A similar result is shown for the
increase in decision threshold at different flight velocities v; (10m/s) and v, (20m/s) in Fig 8.
This shows a higher throughput result of the SDF at v, initially, which is then reversed as the
decision threshold passes the critical value of the decision threshold. Figs 7 and 8 show higher
throughput performance for the proposed SDF-ENCODT schemes than the simple SDF with-
out ENCODT.

For both UAV flight radius (r,=200m and r,=800m) and rotation velocities (v;=10m/s and
v,=20m/s), the SDF-ENCOTD scheme consistently outperforms the SDF scheme in normal-
ized throughput. This indicates that the SDF-ENCOTD scheme is more efficient in utilizing
available channel resources, resulting in higher throughput than the basic SDF scheme. Notice-
ably, the normalized throughput reaches a saturation point as the decision threshold increases
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(from 1 to 20) for both SDF1 and SDF2 schemes. Beyond this point, further increasing the
decision threshold yields slight throughput improvement. Overall, the results in Figs 7 and 8
show the trade-offs between UAV flight radius, rotation velocity, and decision threshold on
the performance of the SDF and SDF-ENCOTD schemes. It highlights the importance of opti-
mizing these parameters based on specific use cases and environmental conditions to achieve
the best throughput in UAV communication systems.

3.2.2 Normalized throughput relation with flight velocity. This section shows the nor-
malized throughput relation with increasing flight velocity at different levels of the UAV radius
and SNRs. Fig 9 shows a consistent decrease in throughput performance of both the TDF and
SDF schemes when the flight radius is ,(100m). Suppose the flight radius is increased to
7,(300m). In that case, it initially has minimum throughput performance when the flight veloc-
ity is below a specific limit. It surpasses the throughput performance of ; (100m) as the flight
velocity reaches a particular limit. Similarly, the throughput results of the TDF and SDF are
the lowest of all at 73 initially for lower speeds which surpasses the throughput performance of
ry and r, as it crosses specific velocity ranges. Another interesting observation is with increas-
ing flight radius. The TDF and SDF scheme throughput shows a more consistent and constant
increase/trend in the throughput results with more clear distinction in the outcomes of SDF
and TDF schemes. The throughput performance of SDE-ENCODT and TDF-ENC are higher
and shows consistent rise, with minimal effects of the increasing flight radius. Fig 10 shows the
increase in throughput performance against increasing flight velocity at different levels of the
¥, such as y; (-19dB) and y, (-17dB). Fig 9 shows higher throughput performance by the
SDF-ENCODT scheme at r; and r,. Fig 10 shows higher throughput results of the TDF-ENC
and SDF-ENCODT schemes at y; and y,.

The throughput values are higher for SDF2 than SDF1 in Fig 9 due to better signal condi-
tions at the larger flight radius. The values are also higher than TDF1 due to the improved sig-
nal conditions at a larger flight radius and higher SNR. SDF3 follows a decreasing trend with
increasing velocity, similar to SDF1 and SDF2. The throughput values are slightly lower than
SDF2, which could be attributed to the larger flight radius. TDF3 throughput shows a decreas-
ing trend with flight velocity, similar to other schemes. The values are lower than TDF1 and
TDEF2, likely due to the larger flight radius leading to more signal attenuation. In Fig 10, SDF1
throughput decreases with increasing flight velocity, consistent with the observations in Fig 9.
Similar to SDF1, SDF2 throughput decreases with increasing speed. The values are higher than
those in Fig 9, possibly due to the lower SNR in this scenario. TDF1 throughput generally
increases with flight velocity, opposite the trend in Fig 9. This could be due to differences in
channel conditions and noise levels. Similar to TDF1, TDF2 throughput increases with veloc-
ity, contrary to the observations in Fig 9. This could be due to the different channel conditions
and noise levels at this larger flight radius. In summary, the normalized throughput generally
decreases with increasing flight velocity for SDF and TDF schemes. However, the trends can
vary based on the flight radius and received SNR.

3.2.3 Normalized throughput relation with P;. This section shows the normalized
throughput performance of the TDF, SDF, TDF-ENC, and SDF-ENCODT against increasing
target detection probabilities at different radii (r;=100m, 7,=300) and y (y;=-18dB, y,=-16dB)
in Figs 11 and 12. Fig 11 shows lower throughput achievements of the TDF, SDF, TDF-ENC,
and SDF-ENCODT against rising detection probability at r; (100m). At r,, a high rise can be
seen in the throughput of SDF, TDF, SDF-ENCODT, and TDF-ENC. The schemes achieve
higher throughput results at r, as compared with r;. The SDF-ENCODT scheme can also dom-
inate all other schemes at r; and r, in Fig 11.

Normalized throughput results are next shown for the y; (-18dB) and ¥, (-16dB) in Fig 12.
This indicates that increasing the y from y; to ¥, does not affect normalized throughput for
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any given target detection probability increases. Fig 12 shows better throughput performance
for the TDF-ENC and SDF-ENCODT schemes than simple TDF and SDF rules for increasing
target detection probability.

In Fig 11, each scheme (SDF1, SDF2, TDF1, TDF2, SDF1-ENCOTD, SDF2-ENCOTD,
TDF1-ENC, TDF2-ENC) is associated with a specific combination of UAV flight radius and
received SNR. We can analyze the performance of these schemes under different conditions.
In Fig 11, SDF1 and SDF2 show relatively higher throughput performance than TDF1 and
TDEF2 schemes, especially at higher detection probability levels (P;> 0.8). The SDF1-ENCOTD
and SDF2-ENCOTD schemes show performance improvement over their respective non-
ENCOTD counterparts (SDF1 and SDF2) for specific values of P;. The performance of the
schemes can vary based on the UAV flight radius and received SNR. Fig 12 compares schemes
with a fixed UAV flight radius (r=800m) and different received SNRs (y;=-18dB and y,=-
16dB). The performance of SDF1, SDF2, and TDF1 remains relatively consistent between the
two SNRs. However, TDF2 shows a slight drop in detection probability. The schemes with
“ENCOTD?” in their names (SDF1-ENCOTD, SDF2-ENCOTD) again show improvement
over their non-ENCOTD counterparts (SDF1 and SDF2) at various P, levels and SNRs. Based
on the analysis in Figs 11 and 12, SDF consistently perform better than the simple TDF
schemes at higher detection probability levels (P;> 0.8). Therefore, these schemes may be
more suitable for scenarios where high detection probability is crucial. If the UAV flight radius
is fixed at 800m, SDF1 and SDF2 remain strong contenders, and TDF may be avoided due to
its slightly lower performance.

3.2.4 Normalized throughput relation with SNRs. This section illustrates the normalized
throughput performance for the increase in y at the sensing mini slots. Fig 13 shows the
throughput performance at r; (100m), r, (300m) and fixed velocity v (15m/s). Fig 13 shows an
increase in throughput achievement of the TDF-ENC and SDF-ENCODT schemes after
employing the AdaBoost ENC to reconfigure UAV sensing time and ODT selection. The TDF,
SDF, TDF-ENC, and SDF-ENCODT results further confirm throughput achievements at r,
than r;, where the SDF and SDF-ENCODT dominate the other schemes.

Similarly, Fig 14 shows the normalized throughput for v; (10m/s) and v, (20m/s) with fixed
radius r (800m), which offers higher throughput for v, as compared with throughput at v;. The
SDE-ENCODT throughput can dominate the other schemes followed by the TDF-ENC
scheme.

For the SDF scheme (SDF1 and SDF2) in Fig 13 as the SNR increases, the normalized
throughput generally improves. However, SDF2 (r=300m) consistently outperforms SDF1
(r=100m) across all SNR levels, indicating that a larger UAV flight radius leads to better
throughput for the SDF scheme. Similar to SDF, TDF2 (r=300m) performs better than TDF1
(r=100m) at almost all SNR levels, suggesting that a larger flight radius positively impacts
TDF’s performance. In Fig 14 at most SNR levels, SDF2 (v=20m/s) outperforms SDF1
(v=10m/s), indicating that higher UAV flight velocities generally lead to better throughput for
the SDF scheme. For TDF, the impact of flight velocity is less consistent than in the SDF
scheme. TDF1 and TDF2 show similar performance trends across SNR levels, but the
improvement in throughput due to higher speed is not as pronounced as in the SDF scheme.
Comparison of SDF and TDF schemes results in Figs 13 and 14 show that the SDF scheme
(SDF1 and SDEF2) tends to achieve higher normalized throughputs than the TDF scheme
(TDFI1 and TDF2) across different SNR levels and flight velocities. In both SDF and TDF
schemes, the versions with ENC and OTD thresholding SDF-ENCOTD and TDF-ENC tend
to outperform their counterparts.

Next, the average number of decisions consumed by the simple and proposed virtual CSS
schemes in making the global decision is shown in Figs 15-24.
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3.3 Average number of decisions

This section shows a performance comparison of the proposed SDF and SDE-ENCODT

schemes in the form of an average number of decisions at different levels of UAV characteris-
tics, such as flight velocity, detection probability, and SNRs in Figs 15-24. The TDF rule is
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observed to have a fixed number of average decisions because of its constant average decision
threshold against varying UAV parameters. Therefore, the section has briefly discussed and
compared simple SDF and SDF-ENCODT schemes.

This section provides clear evidence that as k increases, the average number of decisions
increases and decreases, as demonstrated in Figs 15-17. Higher velocity or a larger sensing
radius leads to faster throughput growth in the early stage, followed by a slower growth rate in
the later stage. Therefore, the optimal decision rule is k = N for the simple SDF and SDF-EN-
CODT schemes that achieve the maximal throughput and best performance. Similarly,
increasing flight velocity and SNRs has shown different impacts on the average number of
decisions in the SDF-ENC and SDF-ENCODT schemes. The average decisions of the sequen-
tial scheme increase with increasing velocity and decrease with increasing SNRs and rising
demands of the detection probabilities.

3.3.1 Average decision relation with a decision threshold. Fig 15 shows the average
number of decisions against variation in decision threshold (k) at different levels of the flight
radius 7; (200m) and r, (800m). This indicates that the SDE-ENCODT scheme consumes
tewer decisions than the simple SDF scheme at r; and r,. The SDF-ENCODT consumes more
average decisions until the decision threshold (k=5). The proposed scheme can beat the other
method as it passes the threshold. The SDF-ENCODT also shows higher average decisions at
r1 than at r, until the decision threshold (k=14) and is reversed as it passes k=14.

Fig 16 shows a similar performance of the proposed scheme with fewer average decisions
at y; (-18dB) and y, (-16dB) as the decision threshold passes k=5. The SDF-ENCODT con-
sumes higher average decisions for y; until it reaches the decision threshold k=14 in Fig 16.
The average decision results in Fig 17 at different flight velocities v; (10m/s) and v, (20m/s)
show minimum decisions for the proposed SDF1-ENCODT and SDF2-ENCODT schemes
as compared with SDF1 and SDF2. There is a noticeable increase in the average decisions of
the SDF scheme compared to the SDE-ENCODT scheme. The SDF and SDF-ENCODT
average decisions converge to an almost similar point as the decision threshold k is increased
from k = 1 reaches k = N.

In all cases, increasing the decision threshold (k) leads to higher average decisions. This
behavior is expected as higher k values require more evidence before making a decision, result-
ing in fewer false alarms but potentially more misses. The SDF-ENCOTD scheme offers mini-
mum average decisions compared with a simple SDF scheme as the decision threshold
increases. Different combinations of UAV flight radii, SNRs, and flight velocities affect the
average decisions differently. However, the overall trend of increasing decisions with higher k
values remains consistent across most scenarios.

3.3.2 Average decision relation with flight velocity. This section shows the average num-
ber of decisions the UAV-SU consumes against the increasing flight velocity at r; (100m) and
15 (300m). The y is fixed as -18dB in Fig 18. The figure shows that as the velocity increases, no
change is seen in the average decisions of TDF and TDF-ENC because of their constant aver-
age decisions. Consistent and high growth is visible in the average number of decisions of the
simple SDF compared with the SDF-ENCODT scheme. The simple TDF and TDF-ENC
schemes show no relation to an average number of decisions for the increasing flight velocities
and consume consistently high average decisions. The proposed SDF-ENCODT has the mini-
mum number of average decisions out of these schemes at ; (100m) and further reduces at r,
(300m), producing high normalized throughput because of minimum average decisions
expanded for sensing.

Fig 19 collects the average sensing decisions against varying flight velocities at y; and y, and
fixed radius r (300m). This figure shows that the average number of decisions reduces as SNRs
increase from y; to 7. This result is due to the combination schemes’ quick response to decide
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the channel availability in case of high SNRs. The result in Figs 18 and 19 confirms that for a
given y and radius r, increasing flight velocity enables UAVs to observe more sensing slots,
leading to more average decisions.

3.3.3 Average decision relation with detection probability. Figs 20-22 illustrate the
average decision relation with varying target detection probabilities. The results show that as
the target detection probability increases, the average number of decisions of the SDF and
SDE-ENCODT schemes reduces except for the TDF, where they always encounter a fixed
number of judgments because of no relation to the number of decisions. These figures show
that TDF schemes have consistently high total average decisions that do not change with the
target detection probability in the network. Fig 20 shows that the simple SDF average decisions
get lower as the required detection probability increases for r; (100m) and r, (300m). Lower
average decisions could be seen for the SDF at r, (300m) and then at r; (100m). The SDF-EN-
CODT offers minimum average decisions than SDF and TDF schemes showing fewer impacts
of the changing flight radius r.

Fig 21 shows average decisions for increasing detection probability at y;=-18dB and y,=-
16dB. The figure shows that the average decisions of the SDF are similar at y; and y, and
remain identical at both SNRs. The average decisions of the SDF are also similar for both SNRs
in Fig 21 and get down compared with Fig 20.

In Fig 22, the radius is kept at 800m, and average decisions are measured for the UAV
flight velocities v; and v,. The figure shows that the TDF and TDF-ENC average decisions
are always constant at all levels of the target detection probabilities. This indicates that the
average decisions are higher for the case of v, than v, for the simple SDF scheme and
decrease as the target detection probability increases. The results in Figs 20-22 have shown
similar average decisions of the SDF-ENCODT scheme at different levels of the flight radius,
SNRs, and flight velocities.

The SDF schemes tend to become more conservative in making decisions as the demanded
detection probability increases. This suggests that as you require a higher probability of cor-
rectly detecting the target, the schemes are less likely to declare a target presence unless they
are very confident. The TDF schemes always consider fixed average decisions (20) regardless
of the demanded detection probability. The SDF-ENCOTD schemes lower the simple SDF
decisions, indicating that ensembling and thresholding significantly alter the decision behavior
in this specific scenario.

3.3.4 Average decision relation with SNRs. This section collects the average decisions
against the y variations at two different levels of the UAV flight radii (,, r,) and velocities
(v1, v2). As expected, the TDF and TDF-ENC produce consistently high average decisions,
while the average decision of both SDF and SDF-ENCODT reduces in Figs 23 and 24. Fig 23
shows that increasing the flight radius from r; to r, for the given target SNRs reduces the aver-
age decisions of both SDF and SDF-ENCODT schemes. The average decisions of the SDF-EN-
CODT scheme are much lower than the SDF scheme at both flight radii.

The average decisions of the SDF and SDF-ENCODT schemes further get down for the
case of v; and v, in Fig 24 when the flight radius r (800m) is constant. Comparing these results,
it is also evident that the average decisions of the SDF and SDF-ENCODT reduce to a much
lower limit than in Fig 23. The results also indicate that an increased flight radius reduces the
average decisions for a given SNR. In contrast, an increase in flight velocity decreases the aver-
age decisions for sequential decisions.

Fig 23 shows the average decisions for SDFI range from approximately 17.13 to 13.60,
while SDF2 average decisions range from around 16.62 to 13.14 as the SNR increases from
-20dB to -10dB. This indicates that as the SNR increases, the average decision decreases, mak-
ing it easier for the system to make accurate decisions. TDF and TDF-ENC average decisions
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Detection Probability (Pd)

are always 20, regardless of the SNR. This suggests that TDF and TDF-ENC have a fixed deci-
sion-making capability, regardless of signal strength. Similarly, SDF1-ENCOTD average deci-
sions range from approximately 14.19 to 10.65 and SDF2-ENCOTD range from 14.09 to 10.61
as the SNR increases. In Fig 24 the average decisions for SDF1 range from approximately 15.17
to 11.95 as the SNR increases. Similar to the previous scenario, it shows increased performance
with higher SNR levels. The average decisions for SDF2 are similar to SDF1, ranging from
around 16.01 to 12.62 as the SNR increases. The average decisions for SDF1-ENCOTD range
from approximately 13.83 to 10.61 as the SNR increase. It performs similarly to the previous
scenario’s SDF1-ENCOTD, with increased performance at higher SNR levels. Similarly, the
average decisions for SDF2-ENCOTD range from around 13.99 to 10.61 as the SNR increases.
The SNR plays a crucial role in the performance of the detection schemes. As SNR increases,
the average decisions for all methods reduce, indicating minimum decisions while making
cooperative decisions. The UAYV flight radius and velocity do not significantly impact the deci-
sions, as the average decisions remain constant across different scenarios for TDF and
TDF-ENC schemes. The TDF and TDF-ENC schemes consistently show constant average
decisions with average decisions of 20, regardless of the SNR and other parameters. This sug-
gests that these schemes have a consistent behavior to noise and variations in UAV flight char-
acteristics. The SDF and SDF-ENCOTD schemes show a gradual decrease in the average
decisions as the SNR increases. This suggests that they are more adaptive to noise and chal-
lenging environmental conditions.

3.4 Cooperative sensing decision

To compare sensing reliability, Figs 25-27 show the global detection and false alarm probabil-
ity results of the SDF, TDF, TDF-ENC, and SDF-ENCOTD schemes at different levels of flight
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radius, flight velocity and SNRs. The results are compared with the multi-SUs environment,
including 16 cooperative SUs randomly distributed at different geographical positions that
report the PU channel sensing statistics to the FC for final decision. Figs 25 and 26 show an
increase in detection probability and a decrease in false alarm probability for the UAV-based
virtual CSS schemes compared with multiple SUs environments as the flight radius of the
UAYV and received SNRs increases. Similarly, Fig 27 illustrates a decrease in detection proba-
bility and an increase in false alarm probability as the flight velocity increases. As expected,
these global sensing results produce similar detection and false alarm results for the TDF and
SDF-based virtual cooperative schemes.

4 Conclusions

Integrating UAVs with CR technology reduces the spectrum scarcity issues for UAV commu-
nication. However, the multi-user CSS is not an optimal choice in the UAV-CRN due to
UAVs with limited power availabilities. This work proposes a virtual CSS scheme for UAVs in
CR networks, which employs a single flying UAV to perform CSS. The proposed scheme uti-
lizes SDF to add mini-slot local decisions and make a final decision using the k — in — N major-
ity voting rule. The TDF scheme with a fixed decision threshold is not suitable for the UAV
network due to its high average decisions. At first, the TDF and SDF mini-slots sensing radians
are configured using ENC with the AdaBoost ensembling method. Then the optimal decision
threshold is selected for the proposed SDF to compare the sum of the sequential decisions with
an adjustable threshold using the k — in — N rule. Normalized throughput and average decision
results are obtained at different levels of the flight velocities, decision threshold, SNRs, and tar-
get detection probabilities. As a result, the TDF-ENC and SDF-ENCODT have improved
throughput and energy efficiency compared with simple TDF and SDF schemes.
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