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ABSTRACT This paper presents a novel spectrum sensing and sharing framework for unmanned aerial
vehicle (UAV)-enabled cellular networks to efficiently reuse licensed spectrum. We investigate spectrum
holes in a large-scale ground base station (GBS) network sensed by UAVs and analyze the network
performance when UAVs opportunistically reuse the licensed spectrum. The received power at the UAVs
originating from a GBS network is characterized, and an energy detection scheme is employed to identify
the spectrum holes. To evaluate the performance of the spectrum sensing, we derive the exact error
probabilities in the detection scheme. Using a log-normal approximation, the Neyman-Pearson framework
is applied to derive a closed-form expression that minimizes the probability of missed detection under a
fixed false alarm constraint. Furthermore, the complexity and performance of the proposed scheme are
compared with existing approaches. Leveraging the Neyman-Pearson criterion, we derive expressions for
the channel access probability, success probability, and mean achievable throughput of both networks
while maintaining a fixed probability of false alarm. Approximations in the analytical results are validated
through extensive simulations that demonstrate their accuracy.

INDEX TERMS Unmanned aerial vehicle network, spectrum sensing, spectrum sharing, cognitive radio
network, success probability, throughput, stochastic geometry.

I. INTRODUCTION
A. BACKGROUND
Unmanned aerial vehicles (UAVs) have garnered signifi-
cant attention in both academia and industry due to their
mobility, flexibility, adjustable altitude, and symmetric ma-
neuverability. With the evolution of cellular technology,
UAVs are expected to serve as vital components in future
networks, including sixth-generation (6G) and beyond 6G
(B6G) wireless systems. UAV-assisted cellular networks are
expected to enable a wide range of applications in future
three-dimensional (3D) wireless systems, thereby posing new
challenges [1]. For instance, aerial delivery systems require
ultra-reliable, low-latency communication (URLLC) in 3D
space for real-time navigation, fleet coordination, and status
updates. Moreover, UAVs acting as aerial base stations (BSs)
can complement terrestrial infrastructure in both small- and
large-scale deployments. UAVs can be deployed rapidly
and flexibly to provide network coverage for post-disaster
recovery or in localized areas where temporary hotspots (e.g.,
concerts) are needed. In addition, UAVs can enhance signal

coverage in areas with poor connectivity, such as cell-edge
regions, as demonstrated in [2] and [3].

Meanwhile, as cellular networks evolve toward greater
heterogeneity and face ever-increasing data demand, mobile
operators are experiencing a critical challenge of spectrum
scarcity. Spectrum sharing remains a viable solution for
improving spectrum utilization and is expected to continue
in 6G and B6G networks [4], [5]. While spectrum sharing
has been extensively studied in terrestrial networks (TNs)
through cognitive radio paradigms [6], [7], its application in
3D UAV networks is gaining increasing attention. Moreover,
recent advancements in integrated sensing and communica-
tion (ISAC) have positioned UAVs as promising spectrum-
aware agents capable of detecting spectral activity over wide
geographic areas [8].

B. MOTIVATION AND RELATED WORK
In light of the aforementioned issues and the need for
higher spectrum utilization, this work addresses a large-scale
UAV-enabled spectrum sensing-based sharing system. In this
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TABLE 1. Notation Table.

Parameter Definition
Ψg and λg Point process of GBSs with density λg

Ψu and λu Point process of the ground projection points of UAVs
with density λu

hu Common altitude of the UAVs

Ψ̃u Point process of active UAVs

Rs Spectrum-sensing range

Rd Radius of the sensing disk on the ground plane

bx(r) Disk of radius r centered at x

∥x− y∥ Euclidean distance between nodes x and y

ζ (θ) Probability of LoS for elevation angle θ

Ω Channel power gain

∆θ Bernoulli random variable indicating whether a link is
LoS or NLoS

o Origin (0,0)

Ξg, Ξu SINR of the typical GBS user and typical UAV user

Ig, Iu Aggregate interference power from the GBS and
UAV networks to the typical GBS user

Îg, Îu Aggregate interference power from the GBS and
UAV networks to the typical UAV user

Pg GBS transmit power

Pu UAV transmit power

σ2
n Noise power

H0, H1 Null and alternative hypothesis, respectively

Ψg(D) Cardinality of Ψg ∩ D
β Detection threshold for spectrum sensing

pf Probability of false alarm

pm Probability of missed detection

pe Probability of total error

LX(s) Laplace transforms of the random variable X

evaluated at s

≈d Approximate equality in distribution

κX,n n-th cumulant of the random variable X

γ Channel access probability based on spectrum
sensing

ptx Channel access probability for a GBS based on
dynamic scheduling

pc,g, pc,u Downlink success probabilities of the typical GBS
user and the typical UAV user, respectively

η Target SINR threshold for successful decoding

Cg, Cu Throughputs of the GBS and UAV networks,
respectively

model, UAVs act as aerial BSs of the secondary network
and dynamically sense the spectrum usage of a terrestrial
primary BS network, reusing it when it is available. Unlike
cooperative or infrastructure-assisted models, our framework
considers a fully decentralized UAV network. The proposed
framework provides new insights into enabling scalable and
spectrum-efficient UAV networks that intelligently coexist
with terrestrial systems.

Several prior studies have investigated spectrum sensing
and spectrum sharing in wireless networks, primarily focus-
ing on terrestrial environments [9]–[14]. For instance, [9]
evaluated interference bounds in an underlay cognitive radio
network using the Poisson hole process (PHP) and Poisson
cluster models under perfect sensing assumptions. In [10],
small cell users opportunistically shared the uplink spectrum
with macrocell users, modeled as a cognitive secondary net-
work. Device-to-device (D2D) communication with sensing-
based spectrum sharing was studied in [11] and [12]. In [11],
sensing performance and network throughput were evalu-
ated, while [12] extended the Poisson hole process (PHP)-
based interference analysis from [14] to obtain approximate
network performance. Similar to the analysis of terrestrial
networks (TNs) using a 2D PHP, the work in [15] studies
spectrum sharing in satellite–terrestrial integrated networks
using a spherical PHP. Moreover, [16]–[18] analyze interfer-
ence in coexisting TNs and non-terrestrial networks (NTNs).
Specifically, [16] considers an NTN operating on a high-
altitude platform (HAP), where base stations follow a PPP
on a curved surface; [17] assumes that NTN base stations
follow a spherical PPP at low Earth orbit (LEO) and share
spectrum with TNs, investigating both uplink and downlink
scenarios; and [18] studies a coexisting TN and satellite
system targeting ground users in the S-band frequency under
two different cases. Moreover, reference [19] studied the
NOMA-based cognitive UAV in edge computing, optimizing
the processing delay.

In contrast, relatively few studies have examined spectrum
sensing and sharing in UAV-enabled networks, particularly in
large-scale or 3D deployments. Reference [20] investigated
UAV-ground spectrum sharing in mesh networks for disaster
response. Both overlay and underlay sharing schemes were
explored in [21], whereas [22] focused on optimizing drone-
cell densities for underlay access. On the spectrum sensing
front, [23], [24] addressed 3D sensing techniques. Reference
[23] proposed a power control scheme based on real-time
spectrum sensing to enhance spectrum reuse. In [24], which
has a similar objective to our work, a machine learning-
assisted stochastic geometry framework was employed to
study the received signal power in D2D and UAV-based
communications, using the same sensing technique as in
[10]–[12]. We have shown in [25] that resorting to a learning-
based approach is unnecessary since an exact characteri-
zation of the received signal power in such a UAV-based
wireless network is possible.

While these works provide valuable insights into spectrum
sensing and sharing, they primarily rely on approximation-
based or learning-based methods. Motivated by the work
of [24], we consider a sensing-based UAV-enabled network
and develop a tractable and exact analytical framework to
characterize the sensing performance.
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C. CONTRIBUTIONS
The key contributions of this paper are summarized as
follows:

• We develop a tractable stochastic-geometry-based
framework to characterize spectrum sensing perfor-
mance in large-scale UAV-enabled cellular networks. In
particular, we derive expressions for the probabilities of
false alarm and missed detection at the typical UAV,
enabling a rigorous evaluation of sensing reliability
under spatial randomness.

• Unlike prior works such as [10]–[12], [24], which rely
on Gaussian approximations, i.i.d. sampling assump-
tions, or learning-based models, we provide an explicit
characterization of the aggregate received signal power.
This leads to a more accurate and analytically tractable
evaluation of sensing performance.

• Leveraging a log-normal approximation of the aggre-
gate received signal power, we derive a closed-form
expression for the Neyman-Pearson detection threshold
that satisfies a prescribed probability of false alarm.
This result provides a practical design guideline for
selecting the sensing threshold under a prescribed false
alarm constraint.

• We analyze the computational complexity of the pro-
posed sensing framework and compare it with that of
existing methods. The results show that the proposed
approach avoids the additional nested integrations re-
quired in prior works, leading to improved computa-
tional efficiency and enabling the feasible evaluation of
exact mathematical expressions. In particular, we derive
the first and second cumulants of the received signal
power for the schemes in [10]–[12], [24], which were
previously considered analytically intractable in [24] for
a UAV-enabled network.

• Considering imperfect spectrum sensing, we character-
ize the channel access probability and evaluate net-
work performance in terms of transmission success
probability and throughput under a prescribed false
alarm constraint. We further evaluate the joint success
probability and joint throughput of the typical users in
the primary and secondary networks, providing insights
into how sensing errors impact system performance.

• We validate the approximations made in the analytical
results through extensive Monte Carlo simulations of
the sensing errors and the performance of both GBS
and UAV networks.

II. SYSTEM MODEL
We consider a large-scale downlink cellular network com-
prising primary and secondary networks, as shown in Fig. 1,
where the secondary network opportunistically accesses the
licensed spectrum band. In 6G and beyond, such a secondary
network that opportunistically shares spectrum to provide
coverage to users can be particularly useful in scenarios
where users require small data packets, intermittent trans-

missions, and can tolerate delays. For example, Internet of
Things (IoT) devices that monitor environmental conditions
such as temperature and pollution fall into this category.
Smart meters for water, gas, and electricity provide another
relevant example.

A. NETWORK ARCHITECTURE AND SPATIAL MODELING
The primary network consists of GBSs and their associated
users, whereas the secondary network comprises UAVs act-
ing as aerial BSs along with their users. Furthermore, each
BS serves only the users within its own network and operates
identically to the other BSs in that network.

The locations of GBSs are modeled as a homogeneous
Poisson point process (PPP) Ψg ≜ {x1, x2, ...} ⊂ R2 with
density λg. Similarly, the ground projection points of the
UAVs are modeled as another independent homogeneous
PPP Ψu ≜ {y1, y2, . . .} ⊂ R2 with density λu. All UAVs
hover at a common altitude hu ∈ R+,1 yielding UAV
coordinates in R2 × R+, where (y, hu), y ∈ Ψu. The GBSs
and users are assumed to be located on the ground plane;
hence, altitude variations are neglected.

Each UAV performs spectrum sensing to determine
whether the licensed spectrum is occupied by nearby GBSs.
Based on the sensing outcome, UAVs that identify spectrum
holes are permitted to access the licensed spectrum while
minimizing interference to the downlink transmissions of
GBSs. The objective of sensing is to detect the presence
of GBSs within a spectrum-sensing region. For instance, we
consider the typical UAV with its ground projection located
at ys, conditioned on ys ∈ Ψu, which will be used in all
equations and analyses for evaluating the performance of
spectrum sensing.2 Since GBSs are located on the ground,
for the typical UAV, the intersection of its 3D sensing ball of
radius Rs with the ground plane forms a disk D = bys

(Rd),
where Rd =

√
R2

s − h2
u and bx(r) denotes a disk of radius

r centered at x.
Finally, based on the sensing outcomes, the UAVs that

detect spectrum holes are allowed to share the licensed
spectrum. The set of such UAVs is denoted by Ψ̃u, where
Ψ̃u ⊂ Ψu.

B. CHANNEL MODELING
We adopt a standard path-loss model ∥x − y∥−α, where
∥x − y∥ denotes the Euclidean distance between nodes x
and y in Rn, where n ∈ {2, 3}. The path-loss exponent α is
defined as α ∈ {αg, αu}, where αg denotes the exponent for
ground-to-ground links, and αu denotes that for ground-to-
air links. A wireless channel can be classified as LoS or non-

1Practically, UAVs may hover based on network requirements. Specifi-
cally, when UAVs operate as aerial BSs to provide coverage to ground users
within a finite area, they hover at the same altitude; however, the altitude
may vary due to factors such as their control systems and wind speed.

2Note that conditioning on a point at a specific location is equivalent
to adding a point in a PPP. According to Slivnyak’s theorem [26], such
conditioning does not alter the distribution of the other points.
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FIGURE 1. The proposed system model illustrates spectrum sensing in a UAV-assisted cellular network.

line-of-sight (NLoS), depending on whether there is a direct
visual path between the transmitter and the receiver. Due
to their altitude, UAVs may experience either LoS or NLoS
propagation conditions. The probability of a LoS channel is
modeled as a function of the elevation angle, as given in [27]:

ζ (θ) =
1

1 + c2 exp(−c1θ)
, (1)

where θ is the elevation angle, c1 and c2 are environment-
dependent constants (e.g., rural, urban). Since the elevation
angle is negligible, we model all ground-to-ground links as
NLoS.

We adopt a Nakagami-m fading model for small-scale
fading, where the channel power gain Ω follows the gamma
distribution: Ω ∼ Gamma(m,m) with shape and rate
parameters both equal to m > 0. The mean and variance
of Ω are 1 and 1

m , respectively. For ground-to-air links, two
fading models are considered:

1) LoS Channel: For LoS channel, m = (K+1)2

2K+1 , where
K is the Rician K-factor representing the ratio of the
power in the LoS component to that in the scattered
components.

2) NLoS Channel: For NLoS channel, m = 1, due to
the absence of a strong LoS path.

Based on the LoS probability, we define a Bernoulli
random variable ∆θ ∈ {0, 1}, where P(∆θ = 1) = ζ(θ)
denotes the probability of a LoS channel. The variable ∆θ

determines the fading channel type as

∆θ =

{
1, LoS
0, NLoS.

(2)

The composite channel power gain for ground-to-air links
is modeled as

Ω̃u ≜ ∆θΩ
L
u + (1−∆θ)Ω

N
u , (3)

where ΩL
u ∼ Gamma(m,m) with m > 1 represents the LoS

channel power gain, and ΩN
u ∼ Exp(1) represents the NLoS

channel power gain.

C. USER ASSOCIATION AND SINR MODEL
Without loss of generality, we assume that the typical GBS
user is located at the origin, o ≜ (0, 0) ∈ R2, and the
typical UAV user is located at z ∈ R2. Users in both
networks associate with the BS in their respective network
that provides the highest average received signal power.3 The
nearest GBS provides the strongest average received signal
power to the typical GBS user, which is defined as

xo = arg min
x∈Ψg

∥x∥. (4)

Similarly, the typical UAV user is also associated with the
nearest UAV (yz, hu), i.e.,

yz = arg min
y∈Ψ̃u

∥z − y∥. (5)

The signal-to-interference-plus-noise ratio (SINR) of the
typical GBS user is

Ξg,o ≜
Pgr

−αg
g ΩN

g,o

Ig + Iu + σ2
n

, (6)

where Pg is the GBS transmit power, rg denotes the distance
between the typical GBS user and the serving GBS xo, σ2

n

denotes noise power, ΩN
g,o is the channel power gain from

the serving GBS xo, and Ig and Iu represent the aggregate
interference powers from the GBS and UAV networks,
respectively:

Ig ≜
∑

x∈Ψg\xo

Pg∥x∥−αgΩN
g,x, (7)

Iu ≜
∑
y∈Ψ̃u

Pu

(
∥y∥2 + h2

u

)−αu
2 Ω̃u,y, (8)

where ΩN
g,x and Ω̃u,y are channel power gains from GBS x

and UAV y.

3Once an active UAV begins sharing the spectrum, it suspends spectrum
sensing for a predetermined period. To reduce signaling overhead and
avoid frequent handovers, each UAV performs spectrum sensing at regular
intervals, the duration of which depends on the activity period of a GBS.
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The SINR of the typical UAV user is

Ξu,z ≜
Pu

(
r2u + h2

u

)−αu
2 Ω̃u,yz

Îg + Îu + σ2
n

, z ∈ R2, (9)

where Pu is the UAV transmit power, ru denotes the distance
between the typical UAV user and the projection point of
the serving UAV (yz, hu), Ω̃u,yz is the channel power gain
associated with the serving UAV. The aggregate interference
powers from the GBS and UAV networks are given by

Îg ≜
∑
x∈Ψg

Pg∥x∥−αgΩN
g,x, (10)

Îu ≜
∑

y∈Ψ̃u\yz

Pu

(
∥y∥2 + h2

u

)−αu
2 Ω̃u,y. (11)

D. SPECTRUM SENSING AND HYPOTHESIS TESTING
Each UAV evaluates the signal power of a licensed spectrum
band to determine whether it is accessible. Leveraging an
energy detection scheme, all UAVs sense the spectrum during
the spectrum sensing period. After a sufficiently long sensing
duration, the effects of small-scale fading are averaged out,
and the required sensing duration depends on the channel
coherence time and the variance of the fading process. Every
UAV (y, hu), y ∈ Ψu measures the total received signal
power Ty, given by

Ty =
∑
x∈Ψg

Pg∥(y, hu)− (x, 0)∥−αu + σ2
n. (12)

The spectrum sensing problem for the typical UAV is
modeled as a binary hypothesis test: H0 and H1 [28]. The
null hypothesis H0 corresponds to the absence of GBSs
within the sensing region D (i.e., a spectrum hole), while
the alternative hypothesis H1 corresponds to the presence of
at least one GBS in D. Formally:{

H0 : Ψg(D) = 0

H1 : Ψg(D) ̸= 0
. (13)

III. SPECTRUM SENSING AND NETWORK
PERFORMANCE
In this section, we investigate the spectrum sensing perfor-
mance of the proposed wireless network in terms of the
probability of false alarm and the probability of missed
detection. Building on the imperfect sensing outcomes, we
characterize the deployment of secondary BSs and evaluate
the resulting network performance.

A. ERROR IN SPECTRUM SENSING
To determine channel access, the typical UAV (ys, hu) com-
pares the measured received signal power against a detection
threshold β, i.e.,

Tys

H0

≶
H1

β, (14)

where Tys
is defined in (12). With this imperfect spectrum

sensing, the set of active UAVs can be expressed as

Ψ̃u ≜ {y ∈ Ψu : Ty < β} . (15)

The probability of false alarm is defined as

pf ≜ P (Tys > β | Ψg(D) = 0) . (16)

Similarly, the probability of missed detection is

pm ≜ P (Tys
< β | Ψg(D) ̸= 0) . (17)

Moreover, the probability of total error can be found using
the law of total probability:

pe = pfP(Ψg(D) = 0) + pmP(Ψg(D) ̸= 0), (18)

where

P(Ψg(D) = 0) = exp
(
−πλg(R

2
s − h2

u)
)
, (19)

P(Ψg(D) ̸= 0) = 1− exp
(
−πλg(R

2
s − h2

u)
)
. (20)

To simplify the analysis, we define a scale-transformed
random variable

T̃ =
Tys

− σ2
n

Pg
. (21)

The random variable T̃ is defined without conditioning on
the sensing event. Based on this, we define

T̃0 =
(
T̃ | Ψg(D) = 0

)
, (22)

T̃1 =
(
T̃ | Ψg(D) ̸= 0

)
. (23)

Accordingly, the probabilities of false alarm and missed
detection can be expressed as

pf = F̄T̃0

(
β − σ2

n

Pg

)
, pm = FT̃1

(
β − σ2

n

Pg

)
,

where β > σ2
n, and FZ and F̄Z denote the cumulative dis-

tribution function (CDF) and complementary CDF (CCDF)
of the random variable Z, respectively.

Theorem 1. The Laplace transforms of the random variables
T̃0 and T̃1 defined in (22) and (23), respectively, for a given
sensing range Rs and UAV altitude hu, are given by

LT̃0
(s) = exp

(
−πλgϕ(s,R

2
s )
)
, (24)

LT̃1
(s) =

exp
(
−πλgϕ(s, h

2
u)
)

1− exp (−πλg(R2
s − h2

u))

−
LT̃0

(s)

exp (πλg(R2
s − h2

u))− 1
, (25)

where a, b ∈ R+, ϕ(a, b) is defined as

ϕ(a, b) =

∫ ∞

b

{
1− exp

(
−av−

αu
2

)}
dv

= a
2

αu Γ

(
1− 2

αu

)
−
∫ b

0

1− exp
(
−av−

αu
2

)
dv,

and Γ(a) =
∫∞
0

va−1e−vdv denotes the gamma function.

Proof:
See Appendix A.

For a non-negative random variable Z, its probability
density function (PDF) can be obtained via the inverse
Laplace transform:

fZ(z) = L−1{LZ(s)}(z), s > 0. (26)
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Therefore, the PDF of T̃0 is:

fT̃0
(τ) =L−1

{
LT̃0

(s)
}
(τ)

=L−1
[
exp

(
−πλgϕ(s,R

2
s )
)]

(τ). (27)

This result must be evaluated numerically since a closed-
form inverse Laplace transform is not available. The inverse
Laplace transform can be computed efficiently using the
Euler algorithm, as shown in [29].

Similarly, the PDF of T̃1 is:

fT̃1
(τ) =

L−1
[
exp

(
−πλgϕ(s, h

2
u)
)]

(τ)

1− exp (−πλg(R2
s − h2

u))
−

fT̃0
(τ)

exp (πλg(R2
s − h2

u))− 1
. (28)

Theorem 2. For a sensing range Rs and UAV altitude hu,
the probabilities of false alarm and missed detection are

pf = 1− L−1

[
1

s
exp

(
−πλgϕ(s,R

2
s )
)]

(τ)

∣∣∣∣
τ=

β−σ2
n

Pg

, (29)

pm =

L−1
[
1
s exp

(
−πλgϕ(s, h

2
u)
)]

(τ)

∣∣∣∣
τ=

β−σ2
n

Pg

1− exp (−πλg(R2
s − h2

u))
−

1− pf
exp (πλg(R2

s − h2
u))− 1

. (30)

Proof:
For a non-negative random variable Z, its CDF is given
by FZ(z) = L−1

{
1
sLZ(s)

}
(z). Applying this property to

Theorem 1 yields the result.

Corollary 1. For a sensing range Rs and UAV altitude hu,
the total error probability is

pe =L−1

{
1

s
exp

(
−πλgϕ(s, h

2
u)
)}

(τ)

∣∣∣∣
τ=

β−σ2
n

Pg

−

(1− 2pf)

exp (πλg(R2
s − h2

u))− 1
. (31)

Proof:
The result follows by substituting pf and pm from Theorem 2
together with (19) and (20) into (18).

B. NEYMAN–PEARSON DETECTOR
According to the Neyman-Pearson criterion, fixing one error
probability (either the probability of false alarm or the
probability of missed detection), the other can be minimized.
The analytical results in Theorem 2 are numerically tractable,
but closed-form expressions are unavailable. To overcome
this limitation, we use an approximation based on a log-
normal distribution of the random variable T̃0 defined in (22)
to determine the Neyman-Pearson detection threshold for a
given probability of false alarm.

Lemma 1. For the spectrum sensing range Rs, the random
variable T̃0 can be approximated by a log-normal distribu-
tion as

ln
(
T̃0

)
≈d N

(
ln

[
κ1√
c

]
, ln c

)
, (32)

where c = κ2

κ2
1
+ 1, and the n-th cumulant of the random

variable T̃0 is given by

κn =
2πλgR

2−nαu
s

nαu − 2
, n ∈ N, αu > 2. (33)

Proof:
The distribution of the received signal power at the typical
UAV can be approximated by a log-normal distribution when
the GBSs form a homogeneous PPP [30]. Consequently, T̃0

defined in (22) can be approximated as a log-normal random
variable as

ln
(
T̃0

)
≈d N

(
µ0, σ

2
0

)
, (34)

where ≈d denotes the approximate equality in distribution.
Using the Laplace transform from (24), the n-th cumulant
of T̃0 is computed as

κn = (−1)n
dn

dsn
lnLT̃0

(s)
∣∣∣
s=0

= πλg

∫ ∞

R2
s

y−nαu
2 dy

=
2πλgR

2−nαu
s

nαu − 2
. (35)

Then, using the first and second cumulants,

µ0 = ln

 κ1√
κ2

κ2
1
+ 1

 , σ2
0 = ln

(
κ2

κ2
1

+ 1

)
.

Theorem 3. Based on the log-normal approximation of the
received signal power, for a given sensing range Rs, the
sensing threshold β∗ for a Neyman-Pearson detector with a
specified probability of false alarm p∗f is given by

β∗ = σ2
n+

Pgκ1√
c

exp
(√

2 ln c erfc−1(2p∗f )
)
, (36)

where erfc−1(·) is the inverse complementary error function.

Proof:
From Lemma 1 and the definition of the probability of false
alarm in (16):

pf = 1− 1

2

1 + erf

 ln
(

β−σ2
n

Pg

)
− µ0

σ0

√
2


=

1

2
erfc

 ln
(

β−σ2
n

Pg

)
− µ0(

σ0

√
2
)

 . (37)

Solving this equation for a given probability of false alarm
p∗f yields the desired Neyman-Pearson threshold β∗.
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C. COMPARISON BETWEEN THE PROPOSED
SPECTRUM SENSING SCHEME AND THE SCHEME
IN [10]–[12], [24]
We evaluate the sensing errors based on the scheme in [10]–
[12], [24] for the system model in Fig. 1 and compare
with our proposed scheme in terms of performance and
complexity. In the spectrum sensing scheme of these prior
articles, the sample received signals are assumed to be i.i.d.,
and the test statistic is approximated by a normal distribution,
from which the probabilities of false alarm and missed
detection are derived as

pf = EZ0

[
Q

(
β − Z0 − σ2

n

Z0 + σ2
n

√
Ns

)]
=

∫ ∞

0

Q

(
β − z − σ2

n

z + σ2
n

√
Ns

)
fZ0

(z)dz, (38)

pm =
EZ

[
Q
(

β−Z−σ2
n

Z+σ2
n

√
Ns

)]
1− e(−πλg(R2

s−h2
u))

− 1− pf
e(πλg(R2

s−h2
u)) − 1

=

∫∞
0

Q
(

β−z−σ2
n

z+σ2
n

√
Ns

)
fZ(z)dz

1− e(−πλg(R2
s−h2

u))
− 1− pf

e(πλg(R2
s−h2

u)) − 1
,

(39)

where Q(·) is the Gaussian Q-function, Z0 =∑
x∈Ψg,

Ψg(D)=0

PgΩu,i∥(ys, hu) − (x, 0)∥−αu , and

Z =
∑

x∈Ψg
PgΩu,i∥(ys, hu)− (x, 0)∥−αu , fZ0

denotes the
PDF of Z0, fZ denotes the PDF of Z, and Ns denotes the
number of samples.

Following the derivation of Theorem 1 and (27), the PDFs
of Z0 and Z are obtained. Note that in (12), the channel
power fading gain is not included due to the averaging over a
number of received signal samples during spectrum sensing.
In contrast, Z0 and Z incorporate the channel fading gain,
consistent with the spectrum sensing scheme in [10]–[12],
[24]. Unlike the channel model in [24], where LoS and NLoS
channels are treated similarly by applying an attenuation
factor for NLoS links, our model explicitly separates LoS
and NLoS channels. Based on the channel model described
in (3), following similar derivation of Theorem 1, and letting
the elevation angle θ = tan−1 hu

x , where x denotes the
horizontal distance between the UAV’s ground projection
and a ground node, the Laplace transforms of Z0 and Z
are derived as follows:

LZ0
(s) = exp

(
−πλg

∫ ∞

R2
s

{
1− E

[
e

(
− sPgΩ̃u

v
αu
2

)]}
dv

)

= exp

(
−πλg

∫ ∞

R2
s

{
1− ζ

(
sin−1 hu√

v

)
LΩL

u

(
sPgv

−αu
2

)
−
[
1− ζ

(
sin−1 hu√

v

)]
LΩN

u

(
sPgv

−αu
2

)}
dv

)
, (40)

where LΩL
u
(a) =

(
m

m+a

)m
and LΩN

u
(a) = 1

1+a are the
Laplace transforms of the LoS and NLoS fading channel

power gains, respectively. Substituting these transforms, the
Laplace transform of Z0 is then expressed as:

LZ0
(s) = exp

(
−πλg

∫ ∞

R2
s

{
sPg

sPg + v
αu
2

− ζ

(
sin−1 hu√

v

)

×

[(
1 +

sPg

mv
αu
2

)−m

− 1

1 + sPgv−
αu
2

]}
dv

)
. (41)

Using (26), the PDF of Z0 can be expressed as

fZ0
(z) =

L−1

[
exp

(
−πλg

∫ ∞

R2
s

{
sPg

sPg + v
αu
2

− ζ

(
sin−1 hu√

v

)

×

[(
1 +

sPg

mv
αu
2

)−m

− 1

1 + sPgv−
αu
2

]}
dv

)]
(z).

(42)
Similarly, the PDF of Z can be derived as

fZ(z) =

L−1

[
exp

(
−πλg

∫ ∞

h2
u

{
sPg

sPg + v
αu
2

− ζ

(
sin−1 hu√

v

)

×

[(
1 +

sPg

mv
αu
2

)−m

− 1

1 + sPgv−
αu
2

]}
dv

)]
(z).

(43)

1) COMPLEXITY COMPARISON
The proposed spectrum sensing performance is presented
in Theorem 2, which involves the inverse Laplace trans-
form of a function ϕ(x, y). The function ϕ(x, y) itself is
defined as an integral. Since neither the integral nor its
inverse Laplace transform can be expressed in closed-form,
numerical evaluation is necessary. In our numerical analysis,
we employ the Euler algorithm–a sum-based method–for
computing the inverse Laplace transform [29]. This method
requires a summation over M terms, yielding a complexity
of O(M). Additionally, the numerical integration of ϕ(x, y)
has a complexity of O(L), where L denotes the number
of function evaluations. The values of M and L determine
the precision of the computation. Therefore, the overall
complexity of computing pf in Theorem 2 is O(ML). The
probability of missed detection, pm, in Theorem 2 consists of
two components, each with the same complexity of O(ML).
In our simulation, we chose M = 32, which provides
sufficient precision. The value of L depends on the nature
of the integrand; for example, a highly oscillatory function
may require a larger L.

In contrast, the spectrum sensing scheme used in [10]–
[12], [24] follows a similar computational approach. How-
ever, after applying the inverse Laplace transform to the inte-
grand, an additional outer integral is required to compute the
expectation of a random variable, as shown in (38) and (39),
with complexity O(Lout). Hence, the total complexity of pf
in (38) becomes O(LoutML), and the expression for pm
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in (39) consists of two parts, each with the same complexity
O(LoutML). Because of this computational burden, exact
analysis was deemed infeasible and an approximation was
adopted by the authors of [10]–[12], [24].

2) SENSING PERFORMANCE COMPARISON
While [10]–[12] approximated the random variables repre-
senting the received signal power under conditions Ψg(D) =
0 and Ψg(D) ̸= 0 by deriving the first and second cumu-
lants, [24] employed a machine learning approach, claim-
ing that cumulants cannot be evaluated due to the mixed
LoS/NLoS channel modeling assumption. However, the first
and second cumulants of the random variables representing
the received signal power under the conditions can, in fact,
be derived for networks where UAVs receive signals from
GBSs. The Laplace transforms of Z0 is given in (41).
Following the proof of Lemma 1, the n-th cumulant of the
random variable Z0 can be expressed as

κZ0,n = (−1)n
dn

dsn
lnLZ0(s)

∣∣∣
s=0

= n!πλgP
n
g

∫ ∞

R2
s

v−
nαu
2 dv + πλgP

n
g

∫ ∞

R2
s

ζ

(
sin−1 hu√

v

)
×
{
(m+ n− 1)!

mn(m− 1)!
v−

nαu
2 − n!v−

nαu
2

}
dv

= 2n!πλgP
n
g

R2−nαu
s

nαu − 2
+ πλgP

n
g

∫ ∞

R2
s

ζ

(
sin−1 hu√

v

)
×
{
(m+ n− 1)!

mn(m− 1)!
v−

nαu
2 − n!v−

nαu
2

}
dv. (44)

Using the first and second cumulants of the random
variable Z0, the parameters µZ0

and σ2
Z0

of its log-normal
approximation can be obtained as

µZ0
= ln

κZ0,1√
κZ0,2

κ2
Z0,1

+ 1
and σ2

Z0
= ln

(
κZ0,2

κ2
Z0,1

+ 1

)
.

Similarly, using the first and second cumulants of the
random variable Z, we can obtain µZ and σ2

Z as

µZ = ln
κZ,1√
κZ,2

κ2
Z,1

+ 1
and σ2

Z = ln

(
κZ,2

κ2
Z,1

+ 1

)
,

where

κZ,n =2n!πλgP
n
g

R2−nαu
s

nαu − 2
+ πλgP

n
g

∫ ∞

h2
u

ζ

(
sin−1 hu√

v

)
×
{
(m+ n− 1)!

mn(m− 1)!
v−

nαu
2 − n!v−

nαu
2

}
dv. (45)

To compare the error probabilities of the proposed spec-
trum sensing scheme with those of the schemes in [10]–[12],
[24], we evaluate (38) and (39), approximating the PDFs of
Z0 and Z as

ln(Z0) ≈d N (µZ0
, σ2

Z0
), ln(Z) ≈d N (µZ , σ

2
Z).

D. CHANNEL ACCESS PROBABILITY
The channel access probability depends entirely on the
spatial distribution of the GBSs and the performance of
spectrum sensing. With perfect sensing, the channel access
probability is exp(−πλg(R

2
s − h2

u)). In practice, sensing
errors–false alarms and missed detections–modify this prob-
ability. This probability captures the effect of sensing errors
on the spatial distribution of active UAVs in the secondary
network. Due to the presence of these two types of errors,
the density function of the active UAV distribution becomes
more complex. The channel access probability in the case of
UAV deployment with a fixed probability of false alarm is
presented in the following lemma.

Lemma 2. The channel access probability for each UAV
during the spectrum sensing process over the GBS network,
conditioned on a fixed probability of false alarm p∗f , sensing
range Rs, and UAV altitude hu, is given by

γ = L−1

[
1

s
exp

(
−πλgϕ(s, h

2
u)
)]

(τ)

∣∣∣∣
τ=

β∗−σ2
n

Pg

. (46)

Proof:
Using the law of total probability, the channel access prob-
ability can be expressed as

γ = P(Ψg(D) = 0)(1− p∗f ) + P(Ψg(D) ̸= 0)pm. (47)

Substituting pm from Theorem 2, the void probability of the
homogeneous PPP, and simplifying the resulting expression
completes the proof of Lemma 2.

E. NETWORK-LEVEL ANALYSIS
1) ACTIVE UAV NETWORK MODELING WITH PPP-BASED
APPROXIMATION AND LIMITATIONS
Since the secondary network consists of UAVs that access
the spectrum via sensing, the resulting point process Ψ̃u,
representing the ground projections of active UAVs, is a Cox
process [31] whose random intensity measure is governed
by the random disks of radius

√
R2

s − h2
u and the missed

detection probability pm.
Consequently, an exact characterization of the Laplace

transform of the aggregate interference-plus-noise experi-
enced by users in both networks (denoted by Iu and Îu)
is analytically intractable.

To enable tractable analysis, we approximate Ψ̃u as a
homogeneous PPP obtained via independent thinning of
the original UAV point process, where each UAV accesses
the channel with probability γ. Accordingly, the density of
the approximating PPP is given by γλu. This independent
thinning assumption neglects the clustering of active UAVs
induced by sensing and therefore results in performance
results that upper bound the true performance.

In particular, as the density λu increases, the deviation of
Ψ̃u from a PPP becomes more pronounced due to stronger
sensing-induced correlations among UAVs. As a result,
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the PPP-based approximation becomes less accurate when
λu/λg is large. In contrast, when λu/λg ≈ 1, the analytical
results provide a tight approximation. This behavior is illus-
trated in Fig. 7, where the deviation between analytical and
simulation results increases with the UAV density.

2) INTERFERENCE MODELING
The following lemma provides the Laplace transform of the
interference-plus-noise for both networks.

Lemma 3. The Laplace transform of the total interference-
plus-noise experienced by the typical UAV user, conditioned
on the random variable r2u, is given by

LΥ̃|r2u
(s) =

exp

(
−sσ2

n − πλg(sPg)
2/αg

sinc (2/αg)
− πγλuU

(
sPu, r

2
u + h2

u

))
,

(48)

where U(a, b) for a, b ∈ R+ is defined as

U(a, b) =
∫ ∞

b

[
a

a+ v
αu
2

− ζ

(
sin−1 hu√

v

)
×{(

1 +
a

mv
αu
2

)−m

− 1

1 + av−
αu
2

}]
dv. (49)

Similarly, the Laplace transform of the total interference-
plus-noise to the typical user in the GBS network, condi-
tioned on the random variable r2g , is given by

LΥ|r2g (s) =

exp

[
−sσ2

n − πλgr
2
gG
(
sPg

r
αg
g

,
2

αg

)
− πγλuU

(
sPu, h

2
u

)]
,

(50)

where G(a, b) for a, b ∈ R+ is given by

G(a, b) =
∫ ∞

a−b

ab

1 + v
1
b

dv

= ab

(
1

sinc(b)
−
∫ a−b

0

1

1 + v
1
b

dv

)
. (51)

Proof:
See Appendix B.

Remark 1. Lemma 3 is derived under the assumption that
the active UAV locations form a homogeneous PPP. This
result can be extended to a finite UAV network modeled as
a finite homogeneous PPP within a circular region of radius
Rf in the sky, where the number of UAVs follows a Poisson
distribution. In this case, U(a, b) in the lemma becomes

Uf(a, b) =

∫ R2
f +h2

u

b

[
a

a+ v
αu
2

− ζ

(
sin−1 hu√

v

)

×

{(
1 +

a

mv
αu
2

)−m

− 1

1 + av−
αu
2

}]
dv.

(52)

Remark 2. We assume that all GBSs transmit on the con-
sidered frequency band, which corresponds to a fully loaded
network, resulting in a worst-case interference scenario.
In practice, dynamic scheduling reduces the set of active
transmitters. This effect can be modeled by introducing an
activity factor ptx ∈ [0, 1], which represents the proba-
bility that a GBS transmits on the target frequency. The
resulting active GBSs form an independently thinned point
process with effective density ptxλg. This extension preserves
analytical tractability, as all derived expressions can be
directly adapted by replacing λg with ptxλg, thus allowing
the framework to account for both fully and partially loaded
networks.

3) SUCCESS PROBABILITY ANALYSIS
The downlink success probabilities of the typical GBS user
and the typical UAV user are defined, respectively, as

pc,g(η) ≜ P[Ξg,o ≥ η] and pc,u(η) ≜ P[Ξu,z ≥ η],

where η > 0 is the SINR threshold for successful de-
coding. In this work, we adopt a channel model that dis-
tinguishes between LoS and NLoS conditions. The chan-
nel power gain is modeled as the gamma distribution for
LoS channels and as an exponential distribution for NLoS
channels. A similar gamma-distributed channel power gain
model, Gamma(Nu, Nu), has been employed in multiple-
input single-output (MISO) downlink systems, as reported
in [32], where Nu denotes the number of antennas. Without
loss of generality, we place the typical UAV user at z = o
and derive the success probability as follows:

pc,u(η) = L−1

{
1

s
LΞ−1

u,o
(s)

}(
1

η

)
= L−1

{
1

s
E

[
exp

(
−
sΥ̃
(
r2u + h2

u

)αu
2

PuΩ̃u

)]}(
1

η

)
, (55)

where the distance between the typical UAV user and the
ground projection of the serving UAV follows a Rayleigh
distribution [31], i.e., ru ∼ Rayleigh

(
1√

2πγλu

)
. The expec-

tation in the above expression can be simplified as

E

[
exp

(
−sΥ̃(r2u + h2

u)
αu
2

PuΩ̃u

)]

= E

[
ζ

(
tan−1 hu√

r2u

)
LΥ̃|r2u

(
s(r2u + h2

u)
αu
2

PuΩL
u

)
+[

1− ζ

(
tan−1 hu√

r2u

)]
LΥ̃|r2u

(
s(r2u + h2

u)
αu
2

PuΩN
u

)]
, (56)

which comprises two components: one for LoS and the other
for NLoS.

The expectation with respect to the LoS component is
evaluated as follows:

EΩL
u

[
LΥ̃|r2u

(
s(r2u + h2

u)
αu
2

PuΩL
u

)]
VOLUME , 9



Author et al.: Preparation of Papers for IEEE OPEN JOURNALS

pc,u(η) = Er2u

[
1

(m− 1)!
ζ

(
tan−1 hu√

r2u

){
dm−1

dvm−1
vm−1LΥ̃|r2u

(
m(r2u + h2

u)
αu
2

Puv

)}
+

(
1− ζ

(
tan−1 hu√

r2u

))

×LΥ̃|r2u

(
η

Pu
(r2u + h2

u)
αu
2

)] ∣∣∣∣∣
v= 1

η

(a)
= Er2u

 1

(m− 1)!
ζ

(
tan−1 hu√

r2u

)
dm−1

dvm−1
vm−1 exp

−m(r2u + h2
u)

αu
2 σ2

n

Puv
− πλg(r

2
u + h2

u)
αu
αg

sinc
(

2
αg

) (
mPg

Puv

) 2
αg

−πγλuU
(m
v
(r2u + h2

u)
αu
2 , r2u + h2

u

)]
+

(
1− ζ

(
tan−1 hu√

r2u

))
exp

(
−η(r2u + h2

u)
αu
2 σ2

n

Pu

−πλg

(
ηPg

Pu

) 2
αg (r2u + h2

u)
αu
αg

sinc
(

2
αg

) − πγλuU
(
η(r2u + h2

u)
αu
2 , r2u + h2

u

)
∣∣∣∣∣
v= 1

η

. (53)

pc,u(η) ≤ Er2u

{
1

(m− 1)!
ζ

(
tan−1 hu√

r2u

)
dm−1

dvm−1
vm−1 exp

[
−m(r2u + h2

u)
αu
2 σ2

n

Puv
− πλgR

2
dG
(
mPg

vPu

(r2u + h2
u)

αu
2

R
αg

d

,
2

αg

)

−πγλuU
(m
v
(r2u + h2

u)
αu
2 , r2u + h2

u

)]
+

(
1− ζ

(
tan−1 hu√

r2u

))
exp

(
−η(r2u + h2

u)
αu
2 σ2

n

Pu

−πλgR
2
dG
(
ηPg

Pu

(r2u + h2
u)

αu
2

R
αg

d

,
2

αg

)
− πγλuU

(
η(r2u + h2

u)
αu
2 , r2u + h2

u

))} ∣∣∣∣∣
v= 1

η

. (54)

=

∫ ∞

0

LΥ̃|r2u

(
s(r2u + h2

u)
αu
2

Puωl

)
fΩL

u
(ωl)dωl

(a)
= s

1

m

∫ ∞

0

LΥ̃|r2u

(
m(r2u + h2

u)
αu
2

Puv

)
fΩL

u

(sv
m

)
dv

=
s

(m− 1)!

[
sm−1

∫ ∞

0

vm−1LΥ̃|r2u

(
m(r2u + h2

u)
αu
2

Puv

)
×

e−svdv
]

=
s

(m− 1)!
L
{

dm−1

dvm−1
vm−1×

LΥ̃|r2u

(
m(r2u + h2

u)
αu
2

Puv

)}
(s), (57)

where (a) follows from a change of variables.
Likewise, the expectation of the second term in (56) can

be derived as

EΩN
u

[
LΥ̃|r2u

(
s(r2u + h2

u)
αu
2

PuΩN
u

)]
= sL

{
LΥ̃|r2u

(
(r2u + h2

u)
αu
2

Puv

)}
(s). (59)

The final expression for the success probability of the
typical UAV user is then given in (53), where step (a) follows
from Lemma 3 and r2u ∼ Exp(πγλu).

Similarly, the success probability of the typical GBS user
located at the origin, pc,g(η) = P[Ξg,o ≥ η], is

P

[
Pgr

−αg
g Ωg,o

Υ
≥ η

]
= Erg

[
LΥ|rg

(
ηr

αg
g

Pg

)]
,

where rg ∼ Rayleigh

(
1√
2πλg

)
. Using Lemma 3, we

obtain:

pc,g(η) =Er2g

[
exp

(
−σ2

nηr
αg
g

Pg
− πλgr

2
gG
(
η,

2

αg

)
−πγλuU

(
ηPur

αg
g

Pg
, h2

u

))]
, (60)

where r2g ∼ Exp (πλg).
Since the success probability of the UAV user given in

(53) is derived by approximating the network as a homo-
geneous PPP via independent thinning, the corresponding
upper bound can be obtained by conditioning on the absence
of GBSs within a distance of Rd =

√
R2

s − h2
u centered

at the location of the typical user. Based on this condition,
the Laplace transform LΥ̃|r2u

(s) given in Lemma 3 can be
rewritten as

LΥ̃|r2u
(s) = e

−sσ2
n−πλgR

2
dG

(
sPgR

−αg
d , 2

αg

)
−πγλuU(sPu,r

2
u+h2

u).

(61)

Substituting the above Laplace transform into (57) and
(59), the upper bound of pc,u(η) can be expressed as in (54).
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Cu =E

[
ζ

(
tan−1 hu√

r2u

)
log2

(
1 +

Pu(r
2
u + h2

u)
αu
2 ΩL

u

Υ̃

)
+

[
1− ζ

(
tan−1 hu√

r2u

)]
log2

(
1 +

Pu(r
2
u + h2

u)
αu
2 ΩN

u

Υ̃

)]

=
1

ln(2)

∫ ∞

0+

1

z
Er2u

[
ζ

(
tan−1 hu√

r2u

){
1− LΩL

u
(z)
}
LΥ̃|r2u

(
z(r2u + h2

u)
αu
2

Pu

)
+

{
1− ζ

(
tan−1 hu√

r2u

)}{
1− LΩN

u
(z)
}

× LΥ̃|r2u

(
z(r2u + h2

u)
αu
2

Pu

)]
=

1

ln(2)

∫ ∞

0+

1

z
Er2u

[{
ζ

(
tan−1 hu√

r2u

)(
1−

(
m

m+ z

)m)
+

(
1− ζ

(
tan−1 hu√

r2u

))
z

1 + z

}

× exp

−s(r2u + h2
u)

αu
2 σ2

n

Pu
− πλg

(
sPg

Pu

) 2
αg (r2u + h2

u)
αu
αg

sinc
(

2
αg

) − πγλuU
(
s(r2u + h2

u)
αu
2 , r2u + h2

u

)dz.

(58)

Remark 3. The success probabilities of the typical users
in both the UAV network and the GBS network are derived
assuming a common UAV altitude. In practice, UAVs may
hover within a range of altitudes due to flight-control dis-
turbances or weather conditions such as wind. For example,
if the UAV altitude hu follows a uniform distribution, i.e.,
hu ∼ U(a, b), the success probabilities of the typical UAV
user and GBS user can be derived using (53) and (60) as
1

b−a

∫ b

a
pc,u(η, h)dh and 1

b−a

∫ b

a
pc,g(η, h)dh, respectively.

In this case, the additional integration increases the com-
putational complexity to O(L3), where L denotes the num-
ber of function evaluations, which still permits an efficient
evaluation.

4) JOINT SUCCESS PROBABILITY STATISTICS
The joint success probability of the two typical users,
P[Ξg,o ≥ η,Ξu,z ≥ η], is influenced by their relative
positions and exhibits a negative correlation between the
individual success probabilities. In the special case when the
typical UAV user is located at the origin, z = o, if the typical
GBS user experiences a high success probability due to its
proximity to the serving GBS, the typical UAV user tends
to have a low success probability because of its relatively
larger distance from its serving UAV, resulting in a strong
negative correlation. Since the two random variables Ξg,o

and Ξu,z are negatively quadrant dependent with respect to
z, their joint distribution satisfies the upper bound [33]

P[Ξg,o ≥ η,Ξu,z ≥ η] ≤ P[Ξg,o ≥ η]P[Ξu,z ≥ η]. (62)

Equality holds only when ∥z∥ ≫ Rd, where the two suc-
cess events become independent. The difference between the
two sides of the inequality, P[Ξg,o ≥ η,Ξu,z ≥ η]−P[Ξg,o ≥
η]P[Ξu,z ≥ η], reaches its maximum when ∥z∥ = 0.

5) THROUGHPUT ANALYSIS
The mean achievable throughput (in bps/Hz) for the typical
user in either network is defined using the Shannon–Hartley

theorem as

Cx ≜ E [log2 (1 + Ξx,o)]
(a)
=

∫ ∞

0

P (Ξx,o > 2v − 1) dv

=

∫ ∞

0

pc,x(2
v − 1)dv, (63)

where (a) follows from the fact that for a non-negative
random variable: E[Z] =

∫∞
0

P(Z > z)dz, for x ∈ {g, u}.
Alternatively, the mean throughput of the UAV network

can be expressed directly as

Cu = E

[
log2

(
1 +

Pu

(
r2u + h2

u

)−αu
2 Ω̃u,o

Υ̃

)]
. (64)

To evaluate (64), we employ the Shannon transform identity
[34]:

E
[
log2

(
1 +

X

Y + a

)]
=

1

ln 2

∫ ∞

0+

LY (z)(1− LX(z))

zeaz
dz, (65)

where X and Y are independent non-negative random vari-
ables, and a is a constant. Using this and Lemma 3, the
mean achievable throughput of the UAV network is derived
in (58).

Similarly, the mean achievable throughput of the typical
GBS user is

Cg =
1

ln 2

∫ ∞

0+

1

1 + s
Er2g

{
exp

(
−sr

αg
g σ2

n

Pg
−

πλgr
2
gG
(
s,

2

αg

)
− πγλuU

(
sPur

αg
g

Pg
, h2

u

))}
ds.

(66)

6) JOINT THROUGHPUT STATISTICS
Following Sec. III.E.4, the upper bound of the joint through-
put of the networks can be expressed as

E [{log2 (1 + Ξg,o)} {log2 (1 + Ξu,z)}]
≤ E [log2 (1 + Ξg,o)]E [log2 (1 + Ξu,z)] . (67)
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TABLE 2. Network Parameters for Simulation [27], [32]

Parameter GBS UAV

Transmit power (W) Pg, Pu 30 1.5

density (BSs/m2) λg, λu 1× 10−5 1× 10−5

Nakagami - m parameter for LoS 4

Number of signal samples Ns (for sensing) 1000

Spectrum sensing range Rs (m) 150 ∼ 300

Maximum altitude hu (m) N/A hu < 140

Distance between the typical users z (m) 0 ∼ 500

Path-loss exponent αg, αu 3.5 2.8

Parameters (c1, c2) in (1) for suburban (24.5811, 39.5971)

Probability of false alarm p∗f 0.1

Noise power (dBm) σ2
n −110
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FIGURE 2. Probability of false alarm.
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FIGURE 3. Probability of missed detection.

IV. NUMERICAL RESULTS
In this section, we present numerical results to validate the
analytical findings. We first illustrate the performance of
the proposed spectrum sensing scheme in terms of error

probabilities, and then evaluate the network performance in
terms of success probability and achievable throughput.

All results are obtained via Monte Carlo simulations of
a large-scale network comprising GBSs and UAVs in a
suburban environment. The network parameters are listed in
Table 2 and are chosen based on real statistical data analyzed
in [27] and [32].

A. Simulation Results of the Spectrum Sensing Errors
The variation of the probability of false alarm pf with respect
to the detection threshold β is shown in Fig. 2 for two
sensing radii, Rs = 150 m and Rs = 300 m. As stated in
Theorem 2, pf is independent of the UAV altitude hu, which
is confirmed by both the analytical and simulation results
for Rs = 150 m and Rs = 300 m. In contrast, the analytical
results based on the scheme in [10]–[12], [24] indicate that pf
depends on hu. These results are presented for three different
UAV altitudes–0 m, 60 m, and 80 m–with Rs = 300 m.
Among them, the case hu = 0 m matches most closely with
the simulation results because, in this case, the probability
of LoS is negligible and the NLoS channel is modeled as
Rayleigh fading. At higher altitudes, the LoS probability in-
creases and the channel follows Nakagami-m fading, which
affects the results even when normalized channel power gain
is used. Such limitations in prior schemes lead to deviations
from the simulation results, whereas the proposed scheme
overcomes these limitations.

Similar to Fig. 2, the analytical results of the probability
of missed detection pm in Fig. 3 show that the analytical
results of the proposed scheme almost perfectly match the
simulation results due to the exact mathematical expressions,
whereas the results from the related works only partially
follow the simulation trends–particularly for hu = 120 m
at Rs = 150 m and Rs = 300 m, where the deviation
is more pronounced. Notably, for fixed hu, increasing Rs

increases pm, whereas pf decreases. This behavior can be
explained under the H1 hypothesis: a smaller Rs implies a
denser presence of GBSs within the sensing range, which
strengthens the received signal and reduces pm. Overall,
the simulation results almost perfectly coincide with the
corresponding analytical results provided in Theorem 2 due
to the exact mathematical expressions.

B. SIMULATION RESULTS FOR NETWORK
PERFORMANCE
Fig. 4 illustrates the success probabilities for Rs = 150
m and Rs = 250 m at hu = 60 m for both UAV and
GBS networks. The simulation results deviate slightly from
the analytical curves due to approximations in the analysis.
Specifically, instead of using the exact distribution of the
active UAVs, we approximate their distribution as a homo-
geneous PPP. As Rs increases, the likelihood of spectrum
sharing decreases, reducing the density of UAVs accessing
the spectrum. Consequently, the UAV success probability
pc,u decreases, while the GBS success probability pc,g in-
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FIGURE 4. Probability of success, with a fixed probability of false alarm
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f = 0.1, and altitude hu = 60 m.
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FIGURE 5. Probability of success, with a fixed probability of false alarm
p∗
f = 0.1, and altitude hu = 60 m in an urban environment.

creases because of reduced UAV interference. Likewise, Fig.
5 depicts the success probabilities for the same parameters
used in Fig. 4 and highlights the impact of propagation
conditions in an urban environment. Clearly, the success
probability of the GBS network remains unchanged, whereas
the UAV network exhibits a noticeable deviation between
suburban and urban propagation environments. For the urban
environment, the parameters in (1) are set to c1 = 9.1 and
c2 = 43.91.

Furthermore, this paper primarily focuses on a fully
loaded GBS network, in which every GBS utilizes the target
spectrum, representing a worst-case interference scenario. In
practical cellular networks, however, GBSs may employ dy-
namic scheduling mechanisms, resulting in partially loaded
networks. This is discussed in Remark 2. As shown in Fig.
6, the 80% loaded GBS network reduces the interference
experienced by the UAV network, thereby increasing the
success probability. The figure also presents the upper bound
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FIGURE 6. Probability of success, with a fixed probability of false alarm
p∗
f = 0.1, dynamic scheduling of GBSs with ptx = 0.8 (80 % of GBSs use

the target spectrum), fixed altitude hu = 60 m, and variable altitude
h ∼ Uni[hu − 10, hu + 10].
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FIGURE 7. Probability of success, with a fixed probability of false alarm
p∗
f = 0.1, GBS density λg = 10−5 BSs/m2, altitude hu = 60 m, sensing

range Rs = 150 m, Rs = 150 m, and SINR threshold η = -10 dB.

on the success probability, given in (54), as well as the
success probability for the case where the UAV altitudes
follow a uniform distribution, i.e., h ∼ Uni[hu−10, hu+10].
The results indicate that such altitude variations have only a
minor impact on network performance.

From Fig. 7, we observe how the success probability of
both networks varies with λu/λg. While the analytical results
for the GBS network closely match the simulation results,
those for the UAV network exhibit deviations, due to the
approximation of the UAV point process. This discrepancy
increases with the ratio of the intensities. Specifically, the
sensing-based deployed UAV network is modeled approx-
imately as a homogeneous PPP, which provides nearly
accurate predictions when the intensities of the UAV and
GBS networks are comparable. Moreover, Fig. 8 illustrates
the dependency between the joint success probability of the
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FIGURE 8. Joint success probability with altitude hu = 60 m, sensing
range Rs = 150 m, SINR threshold η = −10 dB, and a fixed probability of
false alarm of p∗

f = 0.1.
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FIGURE 9. Joint throughput, with altitude hu = 60 m, sensing range
Rs = 150 m, and a fixed probability of false alarm of p∗

f = 0.1.

two typical users and their relative distance. The effect of
negative association is most pronounced when the distance
between the users is within the sensing range Rs = 150 m,
as shown in Fig. 8. As the relative distance increases,
this dependency becomes less significant. Similarly, Fig. 9
presents the joint throughput of the two typical users, where
a comparable trend in throughput variation is observed.
However, a noticeable deviation between the upper bound
and the simulation results appears when the relative distance
between the typical users becomes large. In the joint through-
put analysis, the nonlinear function log2 (1 + Ξ) distorts the
relative spacing between the values of Ξg,o and Ξu,z , which
can make otherwise almost uncorrelated variables appear
more correlated depending on their distribution.

Fig. 10 presents the throughputs of the UAV (Cu) and GBS
(Cg) networks versus Rs for a fixed UAV altitude of hu = 60
m and two UAV network intensities, λu = 1×10−5 BSs/m2

and λu = 1.5×10−5 BSs/m2. These results follow the same
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FIGURE 10. Throughput of GBS network and UAV network, with a fixed
probability of false alarm p∗

f = 0.1.

trends as the success probabilities. A larger Rs reduces the
interfering signal power from UAVs to the GBS network,
which increases Cg but decreases Cu. Likewise, as the UAV
density increases, Cu increases, while Cg decreases.

V. CONCLUSIONS
This work presented a spectrum-sensing-based spectrum-
sharing framework that enables a large-scale UAV network
to opportunistically access the licensed spectrum of a GBS
network. The proposed spectrum-sensing analysis is funda-
mentally different from existing approaches used in similar
network settings, offering substantially improved tractability
and accuracy. Its effectiveness stems from the availability of
exact mathematical expressions, which significantly reduce
computational complexity compared with prior methods.

The UAV altitude and sensing range play pivotal roles in
determining both the sensing error probabilities and the over-
all network performance. For practical network deployment,
the Neyman-Pearson detection framework bridges the gap
between fixed sensing-error constraints and the throughput
requirements of the network by jointly capturing the effects
of UAV altitude and sensing range. Furthermore, charac-
terizing the joint statistics of network performance metrics
is critical, particularly when the relative distance between
the typical users in the primary and secondary networks is
smaller than the sensing range. In such scenarios, the joint
success probability and the joint throughput exhibit negative
quadrant dependence. This dependence disappears for the
joint success probability when the relative distance becomes
sufficiently larger than the sensing range, whereas the joint
throughput retains a certain degree of dependence. Finally,
since this work focused on the physical-layer characteriza-
tion of spectrum access opportunities and adopted a PPP-
based approximation, the clustering of UAVs induced by
the spectrum access scheme remains a future direction of
research to provide a more accurate network model.
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APPENDIX
A. PROOF OF THEOREM 1
Since T̃0 is a non-negative random variable, its Laplace
transform, LT̃0

(s) = E
[
e−sT̃0

]
, is given by

LT̃0
(s) = E

exp
−s

∑
x∈Ψg\Ψg(D)

∥(ys, hu)− (x, 0)∥−αu




= E

 ∏
x∈Ψg\Ψg(D)

exp
(
−s(∥ys − x∥2 + h2

u)
−αu

2

)
(a)
= E

 ∏
x∈Ψ′

g\Ψ
′
g(D)

exp
(
−s
(
∥x′∥2 + h2

u

)−αu
2

) ,

(V.1)

where (a) follows from shifting the origin to ys. As shifting
the origin preserves relative point locations, Ψ′

g remains a
homogeneous PPP with density λg. Applying the probability
generating functional (PGFL) of the PPP [31] to Ψ′

g in step
(a), we get:

exp

[
−2πλg

∫ ∞

√
R2

s−h2
u

{
1− e

(
−s(r2+h2

u)
−αu

2

)}
rdr

]
(b)
= exp

[
−πλg

∫ ∞

R2
s−h2

u

{
1− exp

(
−s
(
v + h2

u

)−αu
2

)}
dv

]
(c)
= exp

[
−πλg

∫ ∞

R2
s

{
1− exp

(
−sp−

αu
2

)}
dp

]
, (V.2)

where (b) follows from the change of variable r2 → v and
(c) follows from substituting v + h2

u → p.
Using the fact that Z ∼ Exp(1) and (V.2), the following

integral can be evaluated as∫ ∞

0

P
{
Z ≤ sp−

αu
2

}
dp =

∫ ∞

0

P
[
p <

( s

Z

) 2
αu

]
dp

(a)
= E

[( s

Z

) 2
αu

]
= s

2
αu Γ

(
1− 2

αu

)
, (V.3)

where (a) follows from the identity, E[Z] =
∫∞
0

P(Z >
z)dz for a non-negative random variable Z. Using (V.3) and
(V.2), we complete the proof of the expression in (24).

Next, the Laplace transform of T̃1 is obtained as

LT̃1
(s) = LT̃0

(s)E

 ∏
x∈Ψ′

g(D)

e−sf(x) | Ψ′
g(D) ̸= 0

 ,

where f(x) = ∥(ys, hu)− (x, 0)∥−αu . Since the points of
Ψ′

g(D) on D follow homogeneous PPP, using the PGFL for
the conditioned Poisson random variable,

E

 ∏
x∈Ψ′

g(D)

e−sf(x) | Ψ′
g(D) ̸= 0



=
exp

(
−λg

∫
D(1− e−sf(x))dx

)
− e−λg|D|

1− e−λg|D|

(a)
=

exp
(
−πλg

∫ R2
s

h2
u

(
1− e−sp−αu

2

)
dp
)
− e−πλg(R

2
s−h2

u)

1− e−πλg(R2
s−h2

u)
,

(V.4)

where |D| denotes the area of D, (a) follows from the similar
derivation in (V.2).

B. PROOF OF LEMMA 3
The Laplace transform of the total interference-plus-noise
ratio at the typical UAV user is

LΥ̃(s) = LÎg
(s)LÎu

(s)e−sσ2
n . (V.5)

The Laplace transform of the aggregate interference from
the GBS network received by the typical UAV user, where
the GBSs follow a homogeneous PPP, is given by [31]

LÎg
(s) = exp

−πλg(sPg)
2

αg

sinc
(

2
αg

)
 . (V.6)

Similarly, the Laplace transform of the aggregate interfer-
ence from the GBS network received by the typical GBS
user, conditioned on the distance between the user and its
serving GBS xo, is given by

LIg|r2g (s) = exp

(
−πλg

∫ ∞

r2g

sPg

sPg + v
αg
2

dv

)
, (V.7)

where r2g denotes the squared distance between the user and
the serving GBS. Using the derivation in (V.3), we obtain
(51) as stated in Lemma 3.

The Laplace transform of Îu is derived by following the
procedure in Theorem 1. While Theorem 1 considers the
mean channel power gain, the expression here incorporates
the random channel gain defined in (3). This result is similar
to that derived in (41), except for the change in the lower
integration limit:

LÎu|r2u
(s)

= exp

(
−πγλu

∫ ∞

r2u+h2
u

{
sPu

sPu + v
αu
2

− ζ

(
sin−1 hu√

v

)

×

[(
1 +

sPu

mv
αu
2

)−m

− 1

1 + sPuv−
αu
2

]}
dv

)
,

(V.8)

where r2u is the squared distance between the user and the
ground projection of the serving UAV (yz, hu).

Likewise, the Laplace transform of the aggregate interfer-
ence from the UAV network to the typical GBS user is given
by

LIu (s)

= exp

(
−πγλu

∫ ∞

h2
u

{
sPu

sPu + v
αu
2

− ζ

(
sin−1 hu√

v

)
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×

[(
1 +

sPu

mv
αu
2

)−m

− 1

1 + sPuv−
αu
2

]}
dv

)
.

(V.9)

Substituting the expressions for the Laplace transforms com-
pletes the proof of Lemma 3.
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