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ABSTRACT Unmanned Aerial Vehicles (UAVs) have emerged as highly adaptable equipment in modern
agriculture, transforming traditional farming practices with data-driven decision-making to improve crop
yields. While UAVs are mainly employed for aerial imaging and surveillance, their potential for collecting
underground (UG) sensor data is underexplored. This paper investigates the path loss and fading char-
acteristics between UAV and UG nodes using outdoor measurements, to facilitate energy-efficient data
collection for air-to-underground wireless links. We show significant impacts from UAV antenna position,
UAV 3D location, and soil properties on both path loss and fading. A novel channel model is developed that
estimates the path loss with an average RMSE improvement of 3.16 dB and a maximum improvement of
up to 10.45 dB over previous models in various 3D positions of the UAV. The analysis extends to the fading
distribution within the channel, which conforms to the Rician distribution, where the Rician-K is contingent
upon the UAV’s altitude, elevation angle, and antenna configurations. Specifically, two Gaussian functions
are derived to capture the effects attributed to the altitude and elevation angle, with root mean square errors
(RMSEs) of 2.86 dB – 4.38 dB and 2.1 dB – 6.1 dB, respectively. The developed model is employed to drive
an energy-efficient data collection strategy, UAV-Collect, for UAV-aided Internet of Underground Things.
UAV-Collect substantially reduces the energy use of UG sensor nodes. Our approach has the potential to
optimize resources on UAV and UG nodes, enabling efficient agricultural monitoring.

INDEX TERMS UAV, underground communication, precision agriculture, IoT, energy minimization.

I. INTRODUCTION

The Internet of Underground Things (IoUT) is a growing
field that has applications in a variety of commercial and non-
commercial sectors like agriculture and petroleum [1], [2].
Often underground (UG) sensors are deployed for different
purposes in these application areas (e.g., environment moni-
toring, geophysical studies, and assessment of infrastructural
health). Some commonly used UG sensors include seismic
sensors, moisture sensors, temperature sensors, and chemical
sensors [3]. All of these sensors behave differently in terms of
their characteristics, and there are possible signal characteri-

zation differences for different soil types, moisture content,
sensor depth, and other factors [4], [5].The primary goal
behind the deployment of these sensors is to collect data from
subsurface environments and accurately characterize their
underlying properties. Hence, empirical analysis is crucial
across several key areas: signal behavior, system design and
optimization, performance evaluation, deployment strategies,
adaptability to changing conditions, interference and noise
mitigation, and model validation. In particular, empirical
signal characterization in UG sensors becomes essential to
design, optimize, and deploy sensor systems that can operate
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reliably in dynamic and complex UG environments [6]–[8].
There are several methods for collecting data from UG

sensors, each with its own set of advantages and limitations.
One common approach involves creating clusters of UG sen-
sors and employing fixed aboveground (AG) communication
points to relay the collected data to a central destination [3].
Although this method can be effective, it is heavily based on a
fixed AG infrastructure, which can be costly and challenging
to deploy in certain environments. In addition, the approach
is constrained by the communication range and the energy
required to transmit data to and from sensors.

To overcome these challenges, there have been substan-
tial advancements in standalone UG devices, integrating
both sensor and communication technologies [9], [10]. This
progress has been pivotal in the advancement of the IoUT.
These innovative devices are designed to operate effectively
in complex and often harsh environments, such as soil, tun-
nels, and underground mines, where environmental condi-
tions can severely impact their connectivity with AG systems.
Moreover, scaling IoUT presents additional challenges due to
the limited connectivity infrastructure in rural areas, leading
to smaller and more expensive networks. Increasing the trans-
mission power of UG devices could potentially extend their
communication range, but results in higher power consump-
tion, which in turn shortens the operation lifetime of these
battery-operated devices.

Unmanned Aerial Vehicles (UAVs) present a promising
alternative to traditional data collection methods in IoUT.
UAVs can gather data from UG sensors more efficiently,
potentially reducing both power consumption and data col-
lection time [11]. Their maneuverability and flexibility en-
able them to support network scalability with reduced de-
ployment costs, thereby minimizing the need for numerous
fixed AG nodes. UAV-enabled sensing has also been explored
using multimodal feature integration for detection and signal
characterization tasks. In [12], audio and visual features are
jointly leveraged to enhance the reliability of UAV detec-
tion in public safety applications. Despite these advantages,
the radio propagation characteristics of Air-to-Underground
(Air2UG) and Underground-to-Air (UG2Air) channels are
not yet well understood and require further investigation to
fully leverage UAVs in this context.

In this work, we analyze and model the large and small-
scale wireless channel characteristics of the Air2UG and
UG2Air links using in-field measurements between a UAV
and UG nodes under dynamic UAV 3D locations, UAV
antenna positions, and UG soil conditions. Accordingly, a
UAV-aided IoUT system is explored to develop an energy-
efficient data collection mechanism that has the potential to
serve as an application for novel empirical findings of the
proposed work. The contributions of the proposed work are:

• Measurements of the reflection coefficient or S11 of a
wide-band antenna with and without the drone body are
performed, which suggests that the impacts of the drone
body are significant on the antenna characteristics, with

a maximum change in S11 of 15 dB, surpassing the –10
dB threshold.

• We show that the antenna position on the drone has a
noticeable impact on the path loss and fading in the
channel. Findings suggest the antenna mounted on the
bottom plate of the UAV provides lower path loss and
higher Rician-K performance than the antenna mounted
on the UAV’s arm.

• Channel characteristics in the Air2UG and UG2Air
channels are observed, and it is found that the two are
nearly equal and may be modeled identically. Based on
this, a new path loss model is proposed that estimates the
path loss in both directions of the considered channel at
various UAV 3D positions with RMSE between 1.88 dB
– 8.52 dB and errors less than the AG2UG model in [7].

• Findings suggest that the fading in the Air2UG and
UG2Air channels follows a Rician distribution, and
Rician-K is dependent on the altitude and elevation
angle of the UAV. Using two Gaussian functions, we
capture the altitude and elevation angle, with RMSEs
of 2.86 dB – 4.38 dB for altitude and 1.89 dB – 6.1 dB
for elevation angle.

• Finally, we cast a UAV-aided energy minimization data
collection problem with UG sensors based on empiri-
cal channel models. The formulated problem reduces
the peak energy consumption across the UG sensors
by jointly optimizing the 3D trajectory of the UAV,
transmission scheduling, and uplink transmit power,
while ensuring that the data demands of all sensors are
met. The problem is non-convex, which makes find-
ing an optimal solution challenging. To address this,
we decompose the original problem into smaller, more
tractable subproblems, which are then solved indepen-
dently. Accordingly, an energy-efficient data collection
scheme, UAV-Collect, capable of achieving up to 12×
lower energy consumption on the UG sensors compared
to the benchmark schemes, is developed.

The remainder of the paper is organized as follows: In
Section II, related work on UG communications and UAV-
aided data collection is discussed. In Section III, the path loss
and fading models for UG communications are described.
Section IV outlines the experimental setup, measurement
procedures, and soil parameters associated with the mea-
surement location. Section V presents the empirical results
obtained in dynamic measurement scenarios along with their
comparisons. In Section VI, a UAV-aided IoUT is presented
as an application for our empirical findings, and an energy-
energy efficient data collection scheme is proposed. Finally,
the paper is concluded in Section VII.

II. RELATED WORK
In a soil medium, the properties of the soil and their dynamics
on the channel mostly affect the connection quality [13].
Furthermore, the soil-air interface also plays a significant
role in the two-way communication that causes reflection,
refraction, and attenuation in the electromagnetic signals.
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The radio signal propagation characteristics between AG
and UG communication nodes have been extensively studied
in the literature for both AG2UG and UG2AG links [7],
[13], [14]. In [13], empirical characterization in AG2UG and
UG2AG links was considered, where the measurements were
conducted in an agricultural field. The findings demonstrate a
significant variation between below-ground and aboveground
communications, with the former being strongly dependent
on burial depth and soil moisture. Similarly, in [15], UG
communication links were evaluated to model statistical
propagation characteristics, where the impact of soil type,
soil moisture, antenna depth, and transmission frequency on
the channel was demonstrated.

The communication links between UAV and UG nodes
were considered in limited works. In [16], a UAV is utilized
to collect sensor data from UG LoRa nodes at various depths,
to characterize the impact of increasing sensor depth and
the UAV’s altitude on the signal strength of LoRa commu-
nications. In [17], the feasibility of using UAVs for data
collection in IoUT is demonstrated, addressing the issue of
high signal attenuation in soil. Experimental results show
that UAVs can effectively collect data in both hovering and
dynamic modes, with optimized trajectories. In an earlier
version of this work [11], we model path loss and fading
characteristics in the Air2UG channels (downlink) through
real outdoor measurement between a UAV and various UG
nodes, where it is shown that the fading in the channel
follows a Rician distribution with a strong dependency of
altitude on the Rician-K factor. Related methods, such as
the polynomial approximation framework in [18], illustrate
how UAV sensing and data processing can remain robust
under variations in viewpoint or environmental conditions,
highlighting challenges similar to those encountered in UG
communication measurements. In this work, we extend our
previous research in [11] to conduct a more comprehensive
analysis. We investigate the impact of UAV body and 3D
positioning on bidirectional communication between UAVs
and UG sensor nodes through empirical field measurements.
Leveraging the empirical findings, we develop efficient path
loss and small-scale fading models for the Air2UG/UG2Air
link. Building on these models, we propose an energy-
efficient aerial data collection framework in IoUT, optimiz-
ing the UAV trajectory, resource utilization, and minimizing
power consumption in UG sensors.

UAVs have been utilized in many prior works for efficient
data collection from over-the-ground sensing nodes in IoT,
where the researchers mostly focused on either minimizing
the UAV’s flight time and the energy consumption of the
ground sensors or maximizing the communication rate while
completing the data collection task [19]–[21]. In [19], a UAV-
enabled wireless sensor network is considered with practical
air-to-ground (A2G) Rician fading channels between a UAV
and multiple AG sensor nodes, where the objective is to
optimize the minimal average data collection rate from all
nodes while adhering to reliability constraints. In [20], a
similar network is considered to design a data collection

FIGURE 1: Downlink/uplink channels between radios in the
air and underground.

strategy with a focus on minimizing the energy consumption
of the nodes. In [21], the authors consider multiple UAVs in
a wireless sensor network for data collection, where the UAV
trajectory, wake-up scheduling, and association for nodes are
optimized to reduce the maximum mission completion time
while making certain that every node can reliably upload the
desired amount of data within the allotted energy limit.

Recent studies also highlight the effectiveness of UAVs in
collecting data from ground sensors in large fields. In [22],
researchers propose a new method that utilizes the LoRa
protocol and a Packet Reception Ratio model to enhance
data collection through UAVs while reducing energy con-
sumption. An Energy Consumption and Data Acquisition
Efficiency optimization problem is formulated, and a solution
is presented using Deep Reinforcement Learning that reduces
total energy costs compared to prior methods. In [23], authors
investigate the potential of data from wireless sensors de-
ployed in large agricultural areas to enhance precision farm-
ing tasks, such as irrigation management and fertilization.
The authors propose joint clustering and multi-UAV-assisted
data-gathering methods to reduce energy consumption and
extend sensor battery life. Despite these advancements, the
literature on efficient data collection methods in IoUT, par-
ticularly with UAVs, remains scarce.

III. AIR2UG CHANNEL MODEL
In this section, we develop new models for large-scale and
small-scale radio propagation (i.e., path loss and fading) for
the Air2UG channel. The communication channel between
aerial and UG nodes are presented in Fig. 1, where the chan-
nel in the downward direction corresponds to the downlink
(Air2UG) channel while the upward direction channel refers
to the uplink (UG2Air) channel, χUG is the depth of the UG
node in the soil, χAG is the height of the air node, dAG

and dUG are the length of the AG and UG components of
the channel, and θI and θR are the incident and refractive
angles with green text color showing the angles in the uplink
channel and red text color showing the angles in the downlink
channel, respectively.

In the following, both large- and small-scale models for the
Air2UG channel are provided. We first provide background
on existing models in this area, and then present the Air2UG
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channel model components.

A. PATH LOSS MODEL
1) Background
The path loss models of the links between a UG node and
a stationary AG node are well studied in [7], [13], [14],
[24]. The communication link between the nodes in Fig. 1
consists of UG and AG radio propagation paths, where the
former path corresponds to propagation in the soil medium
and the latter refers to propagation in the air medium. The
radio propagation path loss is defined as:

PL→[dB] = PLUG(dUG) + PLOTA(dAG) + PL→
R , (1)

where the superscript → shows the propagation direction,
i.e., uplink or downlink, PLUG is the path loss associated
with the UG path that depends on the signal path distance
between the UG node and the ground surface dUG. Similarly,
PLOTA is the path loss in the air medium that depends on
the over-the-air (OTA) signal path distance dAG. PL→

R is
the refraction loss caused by the air-soil interface, which is
dependent on the propagation direction in the uplink and
downlink. The individual path loss terms in (1) are defined
as follows [7]:

PLUG(dUG) = 6.4 + 20 log(dUG) + 20 log(β)

+ 8.69αdUG, (2)
PLOTA(dAG) = − 147.6 + 10η log(dAG) + 20 log(f),

(3)

PLDL
R = 10 log

(
cos θI +

√
ϵ′s − sin2(θI)

)2

4 cos θI

√
ϵ′s − sin2(θI)

,

(4)

PLUL
R = 10 log

(
1 +

√
ϵ′s
)2

4
√
ϵ′s

, (5)

where α and β refer to the attenuation and phase shift of the
wave in soil, respectively, η corresponds to the AG attenua-
tion coefficient, f is the carrier frequency of the propagating
signal, ϵ

′

s is the real part of the relative dielectric constant of
the soil-water mixture, θI is the angle of incidence, PLDL

R

is the refraction loss in the downlink direction, and PLUL
R is

the refraction loss in the uplink direction. Note that PLUL
R

is independent of θI and θR in [7], based on the assumption
that χAG ≪ dAG, which leads to d ≈ dAG. However, this
assumption is not valid for UAVs and will be discussed later
in this section.

The permittivity of the soil, which depends on soil proper-
ties such as moisture, texture, and bulk density, has a major
influence on signal propagation in the soil medium. There-
fore, the impact of soil permittivity on wireless propagation
has been characterized. The complex-valued permittivity of
the soil can be defined as ϵs = ϵ

′

s − ιϵ
′′

s , where ϵ
′

s and ϵ
′′

s

are the real and imaginary parts of the relative permittivity
of the soil. In [25], ϵ

′

s and ϵ
′′

s are experimentally character-
ized for the frequency range of 300 MHz – 1300 MHz as

ϵ
′

s = (1.15[1+ ρb

ρs

(
ϵδm− 1

)
+(mv)

v
′

(ϵ
′

fw)
δ −mv]

1
δ − 0.68)

and ϵ
′′

s = [(mv)
v
′′

(ϵ
′′

fw)
δ]

1
δ , where ρb and ρs represent the

bulk density and particle density of the soil, respectively.
mv is the volumetric moisture content, ϵm is the dielectric
constant of the soil solids which is defined as ϵm = (1.01 +
0.44ρs)

2− 0.062, δ = 0.65 is the constant that is determined
empirically, v

′
and v

′′
are the constants that are dependent

on the soil and defined as v
′
= 1.2748 − 0.519S − 0.152C

and v
′′

= 1.33797 − 0.603S − 0.166C, where C and S
are the mass fractions of clay and sand in the soil mixture,
respectively. ϵ

′

fw, and ϵ
′′

fw are the real and imaginary parts of
the dielectric constant of water, which are described in [5],
[24], [25]. Furthermore, the complex propagation constant
γ of the electromagnetic wave in the soil is defined as
γ = β + ια, where α and β can be determined as follows
[7]:

α = ω

√√√√µϵ′s
2

[√
1 +

(
ϵ′′s
ϵ′s

)2

− 1

]
, (6)

β = ω

√√√√µϵ′s
2

[√
1 +

(
ϵ′′s
ϵ′s

)2

+ 1

]
, (7)

where ω is the angular velocity and µ is the magnetic perme-
ability of the soil.

Given a transmit power, PTX , the received power, PRX ,
can be written in logarithmic form as [26]:

P→
RX = PTX+GUG+GAG+10 log10

(
1−10−

RLUG
10

)
−PL→,

(8)
where GUG and GAG are the UG and AG antenna gains,
respectively, and RLUG corresponds to the return loss of
the antenna in the soil medium. It is widely known that the
antenna’s return loss changes when buried in the soil [8]. The
variation in return loss is because of the impedance mismatch
of the antenna, which is determined by the changes in the
permittivity of the soil and reflection from the soil-air inter-
face at a given depth. Therefore, the resonant frequency of an
antenna changes due to the variations in signal wavelength
because of the soil properties.

2) Air2UG Path Loss Model
The downlink channel between a UAV and a UG node, when
the UAV is vertically aligned with the UG node, follows
the path loss model given in (1) [11]. However, the uplink
communication scenario is different with UAVs compared
to the fixed AG node. In the case of uplink communication
between a stationary AG node and a UG node, the refraction
loss is typically modeled without accounting for the inci-
dent or refractive angle. This simplification is based on the
assumption that the height of the AG node is significantly
smaller than the horizontal distance between the AG and
UG nodes, making the slant range approximately equal to
the horizontal distance. However, such assumptions are not
applicable to the UG2Air link, for two key reasons. First,
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the operating altitude of a UAV is generally much higher
than that of fixed AG nodes due to infrastructure clearance
and safety regulations. Second, UAVs can easily fly directly
above or in close proximity to UG nodes for data collection.
As a result, the incident angle becomes a critical factor in
modeling refraction loss for UAV uplink scenarios, and the
simplified approach used in (5) is no longer valid.

Moreover, while the path loss model in (1) provides
a useful foundation, it does not capture elevation angle-
dependent losses in the AG portion of the communication
path between a UAV and a UG node. Previous studies have
shown that path loss between a UAV and an AG node is
influenced not only by direct distance but also significantly
by elevation angle, even when there is a clear line of sight
(LoS) between the transmitter and receiver [27], [28]. The
elevation angle introduces additional losses due to two main
factors: variation in antenna radiation pattern gain at different
angles, especially the reduced gain when the elevation angle
falls outside the antenna’s main lobe, and increased signal
interaction with the ground and surrounding environment,
leading to multipath fading and scattering effects. As the
elevation angle decreases, the signal path becomes less af-
fected by such interactions, generally resulting in reduced
path loss. These effects make the elevation angle an important
consideration in modeling UAV-based communication links,
regardless of LoS availability. Building on this, we propose
an enhanced path loss model that incorporates UAV altitude
and elevation angle, offering improved accuracy for both
Air2UG and UG2Air communication scenarios, as follows:

PL[dB] =PLUG(dUG) + PLOTA(dAG) + PLR

+Ψ(θ) , (9)

where PLUG(dUG) is defined in (2), PLOTA(dAG) is de-
fined in (3), and Ψ(θ) denotes the elevation angle dependent
excess loss in the OTA path of the A2UG channel. The OTA
path depends on the elevation angle due to LoS geometry,
ground-reflected components, and elevation dependent an-
tenna radiation characteristics. The elevation angle correction
term is given by

Ψ(θ) =k1 [1− cos(k2θ)− k3 sin(k4θ)] , (10)

where k1, k2, k3, and k4 are empirically determined param-
eters, and θ is the elevation angle between the UAV and
UG node. The in-field measurements show additional angular
dependence of path loss, including both monotonic and non-
monotonic trends with asymmetric slopes influenced by an-
tenna placement. To capture these observed trends, the term
1−cos(k2θ) in (10) models the dominant monotonic increase
in path loss with elevation angle, consistent with geometric
propagation effects and gradual reduction in antenna gain at
higher angles. The sine term, k3 sin(k4θ), introduces con-
trolled asymmetry to reproduce non-monotonic trends ob-
served in measurements, such as an initial decrease followed
by an increase in path loss at certain elevation angles. The
parameters regulate the magnitude and angular sensitivity of

the correction, with k3 controlling the contribution of the
asymmetric component. When path loss exhibits predomi-
nantly monotonic behavior, a small k3 reduces the sine con-
tribution, preserving near-monotonic growth. Accordingly,
Ψ(θ) provides a smooth, bounded, and physically consistent
representation of residual elevation angle effects. Finally,
the refraction loss term PLR is based on the Fresnel trans-
mission coefficient at the air–soil interface, which preserves
the full angular dependence of the transmitted wave. In the
prior AG2UG model, this approach was applied only to the
downlink, while the uplink neglected the angular dependence
under the small height approximation. In the proposed model,
we adopt the downlink refraction loss expression from (4)
for both uplink and downlink, providing a consistent and
physically valid representation of refraction effects over a
wide range of elevation angles observed in practical UAV
deployments for UG communications.

PLR = 10 log

(
cos θ +

√
ϵ′s − sin2(θ)

)2

4 cos θ
√
ϵ′s − sin2(θ)

. (11)

For practical UAV and UG sensor deployments, where
χAG ≫ χUG and χAG ≫ d, θ closely approximates θI and θR
in the Air2UG and UG2Air channels in Fig. 1, as the resulting
elevation angles are shallow and the difference between the
elevation and actual incident or refracted angles is minimal.
The path loss model in (9) is an extension of the model in (1).
At a 0-degree elevation angle, Ψ(θ) = 0 and (9) reduces to
(1).

B. SMALL-SCALE FADING MODEL
1) Background
The small-scale fading in the AG situation has been exten-
sively studied in the literature for communication between
the aerial node and the ground node [19], [29], [30]. In [30],
the small-scale fading in the A2G channel is empirically
characterized with a Rician distribution, and the Rician-K
factor in the channel is found to be significantly dependent
on the elevation angle between the communicating nodes.
Accordingly, the Rician-K factor (K) as a function of the el-
evation angle in the A2G channel is modeled as follows [19]:

K(θ) = A1 × eA2×(π
2 −θ), (12)

where θ = arcsin(χAG/dAG) is the elevation angle between
the aerial and ground nodes, and A1 and A2 are the environ-
mental dependent constant coefficients which are determined
as Kmin = A1 and Kmax = A1 × eA2×π

2 with Kmin and
Kmax being the minimum and maximum Rician-K factor in
the environment.

The small-scale fading in the UG communication is dis-
cussed in the prior work mainly for the communication
between the nodes in the soil medium, where both the
transmitter and receiver nodes are buried at certain depths
[5], [24]. In [5], the communication between two UG nodes
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is considered, where the signal propagation between the
nodes that are buried near the ground surface comprises
the direct path and the ground surface reflected path. The
reflected path can be neglected when the UG nodes are buried
at high depths. Moreover, the UG channel is considered a
multipath Rayleigh fading channel where the randomness in
the channel is due to the location of the nodes in the soil
as opposed to the time. Thus, each path in the channel is
Rayleigh-distributed, and the signal envelope from each path
is modeled as an independent Rayleigh-distributed random
variable.

In our previous work, we found that small-scale fading in
the Air2UG channel with UG nodes buried at depths of 0.1 m
and 0.2 m follows a Rician distribution with a strong Rician-
K factor that depends on the altitude of the UAV [11]. This
observation means that signal propagation in the Air2UG
channel has a stronger direct path component compared to
the reflected or scattered path components. The propagation
of the signal from the air to the soil medium does not reduce
the power of the direct path component. As a result, the power
of the direct component remains much higher than that of the
reflected or scattered components.

2) Air2UG Small-Scale Fading Model
Our empirical analysis shows that fading follows a Rician
distribution, with parameters that vary as a function of UAV
altitude and elevation angle in both uplink and downlink
channels. While simplified UAV channel models often as-
sume monotonic Rician-K trends [19], our measurements
indicate that Rician-K behavior depends strongly on antenna
placement and the surrounding environment. Specifically,
for a multirotor UAV, the bottom-mounted antenna exhibits
an initial increase in Rician-K with altitude followed by a
decrease due to the interplay of direct LoS paths and multi-
path from the ground, nearby trees, and structures, whereas
the arm-mounted antenna shows a monotonically decreasing
Rician-K dominated by scattering from the UAV arms and
propellers. To capture these observed trends, we model the
Rician-K variations using Gaussian functions, extending our
previous work [11]:

g(χAG) = a1 exp

(
− (χAG − b1)

2

2c21

)
, (13)

g(θ) = a2 exp

(
− (θ − b2)

2

2c22

)
, (14)

where χAG denotes the UAV altitude, θ the elevation an-
gle, and the parameters a1, b1, c1 and a2, b2, c2 represent
the amplitude, centroid, and width of the Gaussian peaks,
respectively, determined by antenna placement and envi-
ronmental conditions. The Gaussian modeling provides a
smooth and flexible approximation of both monotonic and
non-monotonic Rician-K trends, effectively capturing the
combined effects of UAV altitude, elevation angle, antenna
configuration, and environment, as further validated by the
measurement results presented in Section V. The Gaussian

form reflects the dominance of a peak LoS contribution at in-
termediate geometries, with reduced dominance at both low
and high altitudes due to multipath and geometric spreading.

C. AIR2UG SIGNAL MODEL
The Air2UG channel signal model is defined by incorporat-
ing both path loss and small-scale fading effects. Let ym(t)
denote the signal received at the UG node m from the UAV
located at a specific position at time t, in Fig. 1. The received
signal ym(t) can then be expressed as:

ym(t) = um(t)hm(t) + n(t), ∀m = {1, · · · ,M} (15)

where M is the total number of UG nodes, um(t) is the
transmitted signal, n(t) is the AWGN noise,

hm(t) =
√

ζm(t)gm(t) (16)

is the total channel between UAV and the UG node in Fig. 1
where ζm(t) represents the attenuation due to the signal path
distances (AG and UG) and soil properties, and gm(t) refers
to the small-scale fading. Moreover, gm(t) is modeled with
a Rician fading as gm(t) =

√
Km

Km+1g +
√

1
Km+1 ĝ, where

g denotes the direct signal path component with |g| = 1,
ĝ represents the reflected/scattered signal paths components
which is a circularly symmetric complex Gaussian random
variable with zero mean and unit variance, and Km denotes
the Rician-K. Also, ζm(t) can be calculated from (8) and (9)
as:

ζm(t) =
2.93× 1011γm(t)GAGGUG(1− 10RLUG/10)

dηAGm
(t)β2

md2UGm
(t)f2

×

cos (θm(t))
√
e′
sm − sin (θm(t))2

(cos (θm(t)) +
√

e′
sm − sin (θm(t))2)2

, (17)

where

γm(t) =10−0.869αmdUGm (t)×
103.255 cos (1.185θm(t))+3.255w sin (1.185θm(t)). (18)

Moreover, we observe that both the path loss and the small-
scale fading effects of the Air2UG channel exhibit similar
characteristics in the uplink and downlink. Therefore, the
uplink signal transmitted from the UG node and received by
the UAV can be modeled using the same expression as in
(15).

IV. IN-FIELD EXPERIMENT SETUP
The measurement system used for in-field outdoor measure-
ments is first presented in this section. Then, we present the
measurement campaign and location-specific information,
such as the characteristics of the soil and wireless propaga-
tion environment.
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(a) (b)

(c)

FIGURE 2: Custom patch antenna on a UAV: (a) body
(bottom) and (b) arm; (c) tri-band antenna with USRP E312
on a UAV used in [11]

A. AIR-TO-UNDERGROUND MEASUREMENT SYSTEM

We utilize a similar measurement system that we design
in [11]. The system comprises 2 USRP E312, where one
of the USRPs is mounted on the commercial UAV and the
other USRP is connected to two UG antennas through 0.5 m
cables that are buried at depths of 0.1 m and 0.2 m. For the
downlink measurements, the UAV-mounted USRP transmits
a continuous sinusoidal signal that is captured at two UG
antennas simultaneously. While in the uplink, the 0.1 m-
depth antenna first transmits a continuous sinusoidal signal
that is captured by the UAV, followed by the 0.2 m-depth
antenna. In this way, uplink measurement data is captured
in two separate flights. The transmitter and receiver scripts
are implemented in Python via GNU Radio libraries and
transferred to the USRPs. Before each flight, the Python
scripts are executed for a limited flight time in the USRPs
via a shell script that also logs the start and stop times of
the scripts for data synchronization. Note that the receiver
captures the IQ samples in a file continuously for the fixed
duration of the UAV flight time, which is then post-processed
in MATLAB to generate results.

Moreover, we employ a matched wideband patch antenna
at both UAV and UG nodes. The antenna has a strong
radiation pattern on a single side of the plane, which makes it
suitable for the UAV-based sensor data collection application.
Also, the patch antenna can easily be designed and merged

TABLE 1: Measurement system parameters

Parameter Value
Carrier Frequency 1.241 GHz
TX Power 15.5 dBm
Sampling rate 300K samples/seconds
TX and RX Antenna Custom wide-band [32]
Transmit signal Sine wave
UAV DJI Matrice 300 RTK

with the UAV body. However, in previous work, it has been
reported that the antenna placement on the UAV body has
a significant impact on the antenna radiation characteristics
[31]. Therefore, to analyze such an impact on communication
between UAV and UG nodes, we mount the antenna on the
UAV body frame at two distinct positions that are shown
in Fig. 2a and Fig. 2b and conduct wireless propagation
measurements in each case separately. For comparison, the
UAV measurement system employed in our previous work
[11] is shown in Figure 2c, where a triband antenna is directly
connected to a USRP E312 for transmission. Note that in
the remainder of the paper, measurements with the antenna
mounted on the bottom plate of the UAV are referred to as
"Bottom" and measurements with the antenna mounted on
the arm of the UAV are referred to as "Arm". Table 1 lists the
remaining measurement system parameters.

B. IN-FIELD EXPERIMENTATION PLAN
We aim to measure the radio propagation characteristics in
the channel at various 3D positions of the UAV. In that
context, measurements are taken in two distinct topologies,
which are shown in Fig. 3a and 3b, wherein both topologies,
two antennas are buried in the soil at 0.1 m and 0.2 m
depths with a horizontal separation of 0.5 m which infers
typical moisture sensor deployments. In the first topology,
the UAV varies its altitude from 5 m to 29 m while flying
straight overhead the 0.2 m-depth antenna and hovering for
20 seconds every 3 meters through an automated flight plan.
In the second topology, the UAV flies at a fixed distance of 21
meters from the 0.2 m antenna and varies the elevation angle
between 0 degrees and 75 degrees while hovering every 15
degrees for 20 seconds. Since the receiver captures the IQ
data continuously, the recorded UAV flight data is utilized in
the post-processing along with the receiver script timestamps
to extract the received IQ data of each hovering waypoint
from the receiver data file. Moreover, the aerial view of
the measurement location is shown in Fig. 3c, wherein a
pair of medium-height trees neighbor the UG antennas on
the north side, the south side is wide open, the west side
has two adobe structure small homes, and the east side also
has multiple medium-height trees. For comparative analysis,
we also include empirical results from experiments in our
previous work in [11], which were obtained at a different
location enclosed in a wooden fort structure with a sky-open
top and high trees in the vicinity, as shown in Fig. 3d.

To measure soil moisture, two Watermark sensors [33] are
buried alongside the UG antennas as shown in Fig. 3c (top).
These sensors measure soil water tension in centibars (cB),
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(a) (b) (c) (d)

FIGURE 3: Measurement topologies and field setup: (a) UAV flight path with varying altitudes, (b) UAV trajectory with
different elevation angles, (c) aerial view of the site with UG antenna placements, and (d) aerial view of the site in [11].
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which has an inverse relationship with soil moisture. Since
soil moisture has a significant impact on the channel in UG
communication, all measurements were conducted at two soil
moisture levels: 7 centibars (cB) for wet soil and 239 cB
for dry soil. Moreover, the soil texture at the measurement
location is sandy clay loam at all depths. The bulk density of
the soil and its textural composition change marginally with
depth. At 0.1 m, the soil contains 56 percent sand, 23 percent
silt, and 21 percent clay. Similarly, at 0.2 m, the percentages
are 56, 20, and 24. The bulk density values at depths of 0.1
m, and 0.2 m are 0.58 gr/cm3, and 0.89 gr/cm3, respectively.
Also, the measurement sites in Fig. 3c and Fig. 3d are both
located on the SMU-in-Taos campus in Taos, New Mexico.

V. INFIELD CHARACTERIZATION OF THE AIR2UG AND
UG2AIR CHANNELS
In this section, we characterize the path loss and small-scale
fading in Air2UG and UG2Air channels through outdoor
measurements. In particular, the impact of the UAV’s antenna
position, soil depth, and soil moisture on the channels is
studied. We also examine the impact of the UAV body on
the wide-band antenna’s reflection coefficient, denoted by the
S11 parameter.

A. ANTENNA RETURN LOSS
The antenna S11 is measured through a vector network ana-
lyzer in AG, UG (dry soil), and UAV-mounted settings. The
measured S11 values are presented in Fig. 4. Note that a –
10 dB antenna reflection coefficient indicates that 90% of the

transmitted power is transferred to the antenna to be radiated.
Therefore, the S11 threshold of -10 dB is taken into account
when comparing the outcomes across all frequencies. It can
be seen that the S11 changes significantly between AG and
UG cases, which is also seen in the prior work [11]. The
S11 varies marginally between the soil depths, and at the
transmission frequency, the S11 is at approximately -20 dB,
which infers that the antenna is suitable for communication
when buried in the UG. The impact of soil moisture on the
antenna properties in the UG can be found in [34]. Moreover,
by comparing the results of AG and UAV body cases, it is
evident that the UAV body has a significant impact on the
antenna characteristics. For instance, the S11 values at most
frequencies between 1.4 GHz and 2.2 GHz are 1.7 dB –
7.5 dB higher than the AG results, causing the S11 to rise
above the –10 dB threshold. This increase indicates reduced
impedance matching and greater signal reflection. Similarly,
at 300 MHz and 570 MHz, the S11 increases by 9.5 dB –
11.1 dB, further exceeding the –10 dB threshold and high-
lighting additional degradation in matching performance.

We also found that there are variations in S11 with respect
to the placement of the antenna on the bottom versus the
arm of the UAV. There are a few frequencies that are more
suitable for transmission when the antenna is placed on the
arm versus the bottom of the UAV, and vice versa. For
example, the S11 at the 1.07 GHz frequency is 2.1 dB above
the –10 dB threshold in UAV Bottom results while in the
UAV arm results, the S11 is 7 dB below the threshold level
at the same frequency. In contrast, the S11 at 1.32 GHz
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FIGURE 5: Measured and estimated path loss at various UAV altitudes
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FIGURE 6: Measured and estimated path loss at various UAV elevation angles

frequency is above the –10 dB threshold by 2.3 dB in UAV
Arm results while in UAV Bottom results, the S11 is 5.8 dB
below the threshold level at the same frequency. Therefore, it
is important to consider the impact of the UAV body on the
antenna characteristics before the aerial network deployment.

B. AIR-TO-UNDERGROUND PATH LOSS
CHARACTERIZATION

The path loss values in the measurements are calculated from
received signal IQ samples for each waypoint in the measure-
ment topologies. The measured path loss values in Air2UG
and UG2Air channels at multiple UAV altitudes for various
soil depths, soil moisture, and UAV antenna positions are
shown in Fig. 5. It can be seen that, while the path loss varies
considerably between several cases, it always rises with
UAV altitude. The path loss comparison between uplink and
downlink cases shows similar performance, and on average,

the difference is only 2.2 dB, where the variation is mainly
found in the measurements with the bottom antenna, which
infers approximately identical large-scale performance in the
bi-directional channels. The impact of an increase in soil
moisture from 239 cB to 7 cB shows that the path loss with
the bottom antenna increases by 10.91 dB and 9.9 dB at 0.1
m and 0.2 m depths, and with the arm antenna, it increases by
8.75 dB and 8.05 dB at 0.1 m and 0.2 m depths, respectively.
Comparably, the effect of increasing the depth from 0.1 m
to 0.2 m shows that the path loss increases by 6.28 dB and
5.98 dB at 239 cB and 7 cB for the bottom antenna and by
7.67 dB and 6.98 dB at 239 cB and 7 cB for the arm antenna,
respectively. The variation with respect to the UAV antenna
position is also seen in the results. The main observation
is that the slope of change in path loss values with respect
to the altitude is lower in the bottom antenna compared to
the arm antenna. Therefore, at higher altitudes, the bottom

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3697971

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



TABLE 2: Soil parameters [11]

Parameter Value
ρs(gr/cm3) 2.65
ρb(gr/cm

3) 0.58 (0.1m), 0.89 (0.2m)
mv 0.15, 0.35
S 0.56,
C 0.21 (0.1m), 0.24 (0.2m)

ϵo, ϵ
′
fw , µ, ϵw0, ϵw∞ 55.26, 79.71, 6, 80.1, 4.9

ϵ
′′
fw 25.31 (0.1m), 40.27 (0.2m)

δeff 0.08 (0.1m), 0.17 (0.2m)
2πτw(s) 0.58× 10−10

antenna provides approximately 9 dB lower path loss values
than the arm antenna, which is beneficial in improving the
communication range. This is because the overall body of the
UAV serves as a reflector and directs radio waves to or from
the bottom plate of the UAV such that the signal strength in
the main lobe of the antenna increases compared to the side
lobes.

Next, the path loss values are estimated at multiple UAV
altitudes using the model in (1) and the area-specific soil
parameters provided in Table 2. The estimated results are also
shown in Fig. 5. As can be observed, overall, the path loss
model captures the empirical data with minimal errors. The
RMSE values between the measured and estimated results
range between 1.86 dB – 4.38 dB in the downlink and 2.01
dB – 6.70 dB in the uplink, where the measurements taken
with the bottom antenna, particularly at higher altitudes, are
where the majority of the large estimation errors are found.

As a reference for comparison, we present the measured
and estimated downlink path loss results of our previous
study [11], obtained at various altitudes using the measure-
ment topology depicted in Fig. 3a and corresponding to the
location shown in Fig. 3d. The results obtained under satu-
rated wet soil conditions are presented in Fig. 7a. The results
indicate an average increase of 5.9 dB in path loss as the
antenna depth changes from 0.1 m to 0.2 m. Furthermore, the
path loss is observed to increase with altitude. In addition, the
fading observed in the path loss measurements (represented
by the error bars) varies with altitude. An increase in fading
is observed at higher altitudes, which is reflected similarly
in the Arm antenna path loss results shown in Fig. 5. The
estimated path loss results, calculated using (1), show good
agreement with the measured values, resulting in RMSE of
3.8 dB and 1.6 dB at antenna depths of 0.1 b and 0.2 m,
respectively.

The impact of elevation angle on the path loss in Air2UG
and UG2Air channels is shown in Fig. 6. It can be seen that
the measured path loss values change significantly between
the 0-degree and 75-degree elevation angles in both the
uplink and downlink. We observed that the variation in path
loss with elevation angle is significantly dependent on the
antenna position on the UAV. In the bottom antenna results,
the trend shows that the path loss mainly increases with the
increase in the elevation angle, with some exceptions found
in the results at 239 cB moisture and 0.1 m-depth, where

the 15-degree elevation angle provides similar or slightly
lower path loss values than the 0-degree elevation angle.
Accordingly, on average, the path loss increases by 29.14
dB between 0 and 75 degrees and increases by 25.16 dB
from 239 cB to 7 cB. Contrary to this, the path loss first
decreases and then increases with the elevation angle in the
arm antenna results, where the elevation angles with the
lowest path loss values are mostly found at 30 degrees or 45
degrees, which implies that the UAV position directly above
the UG antennas does not provide the optimal performance.
Therefore, choosing the angle with the lowest path loss value
improves the performance by 18.32 dB and 16.6 dB at 239 cB
and 7 cB, respectively, when compared with the worst UAV
position with 75 75-degree angle.

The path loss is estimated at various elevation angles using
the model in (1), where we utilize refraction loss given
in (4) in both uplink and downlink results. The estimated
results are also shown in Fig. 6 with the dotted lines. The
estimated results in most cases show the inability of the path
loss model in (1) to represent the empirical measurements.
This is because the refraction loss in (4) is a monotonically
increasing function in elevation angle, while there are two
measurement trends found in the bottom and arm antenna
cases that we discussed before. Also, the estimated path loss
increases by less than 1 dB per 15-degree increment between
0 degrees and 60 degrees elevation angles. At 75 degrees,
however, the increase reaches approximately 5 dB, which
remains substantially lower than the variation observed in the
measured data. The higher estimation errors are mostly found
at elevation angles greater than 30 degrees, and it seems
that there are additional losses in the channel, which are
more significant at large elevation angles. The performance
of the model is quantified using the RMSE values. The
average RMSE in the bottom antenna results with 239 cB
soil moisture is 15.98 dB and 12.24 dB at 0.1 m and 0.2 m
depths, and with 7 cB soil moisture, it is 10.25 dB and 3.20
dB at 0.1 m and 0.2 m depths, respectively. Similarly, the
RMSE of the arm antenna results is 6.48 dB and 5.90 dB
at 0.1 m and 0.2 m depths with 239 cB soil moisture, and
5.09 dB and 4.23 dB at 0.1 m and 0.2 m depths with 7 cB
soil moisture, respectively. While the path loss model shows
limited performance in several cases, it was able to capture
some scenarios with considerably lower errors, particularly
at shallower depths or under lower soil moisture conditions.

To show the effectiveness of the new Air2UG path loss
model in (9), we estimate the path loss at various elevation
angles, soil depth, soil moisture, and UAV antenna positions
and present the results in Fig. 6 with solid lines. The em-
pirically determined parameters in (10) are k1 = 32.55,
k2 = k4 = 1.84, and k3 is 0.20 and 0.52 in the Bottom
and Arm antenna results, respectively. It can be seen that the
path loss model captures the empirical results well in nearly
all the measurement cases, compared to the model in (1).
The RMSE value in the Bottom antenna results with 239
cB soil moisture is 5.53 dB and 3.04 dB at 0.1 m and 0.2
m depths, and with 7 cB soil moisture, it is 5.74 dB and
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FIGURE 7: Path loss and Rician K-factor versus altitude at
location in Fig. 3d, from [11].

8.52 dB at 0.1 m and 0.2 m depths, respectively. Similarly,
the RMSE value in the Arm antenna results with 239 cB
soil moisture is 1.96 dB and 4.93 dB at 0.1 m and 0.2
m depths, and with 7 cB soil moisture, it is 1.88 dB and
2.45 dB at 0.1 m and 0.2 m depths, respectively. Overall,
the new model consistently provides lower estimation errors
across a wide range of environmental conditions and antenna
configurations, offering improved reliability for Air2UG and
UG2Air channel characterization.

C. AIR-TO-UNDERGROUND SMALL-SCALE FADING
CHARACTERIZATION

The small-scale fading in the Air2UG and UG2Air channels
is modeled using the received signal magnitude results ac-
quired by post-processing the received IQ samples. In [11],
we model the small-scale fading in the Air2UG channel
using the Rician distribution and verify it with a confidence-
based equality test. Therefore, we model the UG2Air chan-
nel as a Rician fading channel and show the validity by
comparing the empirical CDF and fitted Rician CDF in the
uplink measurements. The Rician distribution function is
fitted to the measured signal for each measurement case
using the maximum likelihood estimation. To evaluate the
overall goodness of fit, we employ the Kolmogorov-Smirnov
(KS) test, a widely used non-parametric method for assessing
whether two observed sets of samples originate from the
same distribution. The KS test between the Rician fit and the
empirical data does not reject the null hypothesis at the 10%
significance level, indicating statistical consistency between
the fitted and empirical distributions.

The empirical and fitted Rician CDF of the received signal
at the UAV (bottom antenna) with 5 m altitude for a signal
transmitted from the UG antenna at 0.1 m depth with soil
moisture 239 cB is shown in Fig. 8. It can be seen that the
Rician CDF closely follows the empirical data. To evaluate
the quality of the fit, we adopt the Weighted Mean Relative
Difference (WMRD) as an error vector norm technique that
measures the difference between the fitted model and the
actual data. The WMRD is computed between the empirical

0 0.5 1 1.5 2

Received signal magnitude

0

0.5

1

C
D
F Empirical

Rician

FIGURE 8: Empirical CDF of the received signal magnitude,
and corresponding estimated Rician and Bivariate CDFs.

and fitted CDFs as [35]:

WMRD =

∑N
i=1 |ye(xi)− yf(xi)|∑N

i=1(ye(xi) + yf(xi))× 0.5
, (19)

where ye(xi) and yf(xi) are the empirical and fitted CDF
values at sample xi, and N is the total number of samples.
For the CDF shown in Fig. 8, the WMRD is 0.10, indicating
that the Rician model provides a close and meaningful fit to
the measured data.

The Rician-K values are calculated from the estimated
Rician distribution parameters. The Rician-K values with
respect to altitude at various soil depths, moisture levels,
and UAV antenna positions are shown in Fig. 9. The Rician-
K parameter is dependent on the altitude, and the antenna
position on the UAV has a significant impact on the variation.
Overall, the bottom antenna results show that the Rician-K
in both uplink and downlink initially increases and then de-
creases with altitude, whereas it only decreases with altitude
in the arm antenna results. Also, on average, the Rician-K
value in the bottom antenna is approximately 9 dB higher
than the arm antenna, which means that the overall body
of the UAV positively influences the signal propagation to
or from the bottom antenna position of the UAV, such that
the antenna observes weaker signal reflections or a stronger
direct signal path. This indicates that even slight variations in
the UAV antenna position can reduce fading-related errors,
enhance the reliability of data collection from UG sensors,
and enable communication from deeper soil layers or over
longer UAV–sensor distances. Furthermore, an increase in
soil moisture content from 239 cB to 8 cB increases the
Rician-K value by 3.27 dB with the arm antenna, but the
impact is insignificant in the measurements with the bottom
antenna. In most cases, the overall influence of increasing
burial depth has a negligible effect on Rician-K values,
although some noticeable variations are observed at lower
altitudes. In our previous work [11], the variation of the
Rician-K factor with altitude was also observed, as presented
in Fig. 7b. Specifically, Rician-K increases with altitude up
to a point and then decreases, a pattern that closely aligns
with the results obtained with the bottom antenna in this work
(Fig. 9).

The impact of elevation angle on the Rician-K factor in
Air2UG and UG2Air channels is shown in Fig. 10. It can
be seen that in all cases, the Rician-K value is significantly
dependent on the elevation angle. However, the variation
in the values is dependent on the antenna position on the
UAV, similar to the path loss results. The Rician-K values

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3697971

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



Altitude (meters)

R
ic

ia
n
-K

 (
d
B

)

5 8
1
1

1
4

1
7

2
0

2
3

2
6

2
9

10

20

30

D
o
w

n
lin

k

Bottom

5 8
1
1

1
4

1
7

2
0

2
3

2
6

2
9

10

20

30
Arm

5 8
1
1

1
4

1
7

2
0

2
3

2
6

2
9

10

20

30

U
p
lin

k

5 8
1
1

1
4

1
7

2
0

2
3

2
6

2
9

10

20

30

UG-0.1m (239 cB) UG-0.2m (239 cB)

UG-0.1m (7 cB) UG-0.2m (7 cB)

g( )

FIGURE 9: Rician-K versus altitudes.

Elevation angle (degrees)

R
ic

ia
n
-K

 (
d
B

)

0

1
5

3
0

4
5

6
0

7
5

0

10

20

30

D
o
w

n
lin

k

Bottom

0

1
5

3
0

4
5

6
0

7
5

0

10

20

30
Arm

0

1
5

3
0

4
5

6
0

7
5

0

10

20

30

U
p
lin

k

0

1
5

3
0

4
5

6
0

7
5

0

10

20

30

UG-0.1m (239 cB) UG-0.2m (239 cB)

UG-0.1m (7 cB) UG-0.2m (7 cB)

g( )

exp( )

FIGURE 10: Rician-K versus elevation angles.

first increase and then decrease with the elevation angle. The
elevation angles with the highest Rician-K values are 15
degrees – 30 degrees in the bottom antenna and 30 degrees
– 45 degrees in the arm antenna. An important observation
is that choosing the appropriate elevation angles for com-
munication can provide comparable Rician-K performance
between bottom and arm antenna cases, such that the impact
of UAV antenna position on Rician-K is minimized. Also,
even at 75-degree elevation angle (close to the ground), the
Rician-K value remains approximately 10 dB, indicating that
the radio signals reaching the ground-soil interface are not
completely reflected and there is a signal wave propagating
along the ground surface (i.e., lateral wave) that is reaching
the UG node in the downlink and the UAV in the uplink. Note
that the authors in [30] demonstrated that the Rician-K factor
in A2G communication decreases with elevation angle. This
variation is modeled by the exponential function in (12), as
originally proposed in [19]. We now estimate the Rician-K
variation with respect to the elevation angle in Air2UG and
UG2Air channels using the model in (12). The estimated
results are also shown in Fig. 10 with dotted lines, where
the empirically determined model parameters A1 and A2 in
(12) are 12.571 and 0.0079, respectively. The comparisons
between empirical and estimated results show that the model
in (12) is incapable of representing the Rician-K values in
the Air2UG and UG2Air channels due to large estimation
errors. This is because the estimated Rician-K values from
(12) monotonically decrease with elevation angle and vary
between the maximum and minimum Rician-K values in the
environment, which is not the general trend in the empirical
measurements. The RMSE values range between 5.42 dB
and 6.94 dB in the arm antenna measurements, while in the
bottom antenna, they range between 4.4 dB and 8.2 dB. Note
that the empirical results trends in Fig. 9 and Fig. 10 can be
captured by a Gaussian function when K >> 1.

Accordingly, we fitted the functions g(χAG) in (13) and
g(θ) in (14) on the empirical Rician-K values from Fig. 9
and Fig. 10 using the maximum likelihood estimation, re-
spectively. The estimated results are also shown in Fig. 9 and
10. The RMSE of the fitted g(χAG) function in Fig. 9 varies
between 2.86 dB – 4.38 dB, with the substantial estimation
errors mostly found in the 239 cB soil moisture and 0.2 m
depth results due to the limited variation of Rician-K with
altitude. In the Bottom and Arm antenna findings, the fitted
Gaussian function parameters {a1, b1, c1} are {26.42, 18.63,
23.52} and {18.85, 5, 31.86}. The RMSE of the fitted g(θ)
function in Fig. 10 ranges between 2.1 dB and 6.1 dB in the
Bottom antenna results, while it ranges between 1.89 dB and
3.14 dB in the Arm antenna results. The corresponding fitted
Gaussian function parameters {a2, b2, c2} are {25.42, 8.17,
53.42} and {22.13, 39.24, 36.73} in the Bottom and Arm
antenna results, respectively. The errors in the estimation
suggest that the UAV has lower Rician-K estimation errors at
small elevation angles and mid-range altitudes, highlighting
the benefit of near-vertical positioning above UG sensors.

Comparing the Rician-K estimated results from exponen-
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tial function and g(θ) function in Fig. 10 shows that the g(θ)
achieves an average estimation error reduction of approxi-
mately 3 dB, translating to a 47% improvement over the ex-
ponential function. The improvement in Rician-K estimation
reduces channel uncertainty, improving link reliability and
enabling more efficient and robust communications between
UAV and UG sensor nodes. Hence, it can be concluded that
the Gaussian functions in (13) and (14) can be utilized to
estimate Rician-K for various altitude and elevation angles in
Air2UG and UG2Air channels.

VI. UAV-COLLECT: ENERGY EFFICIENT DATA
COLLECTION IN UAV-IOUT
In this section, we consider an application of our findings in
the prior section for optimal data collection in the IoUT. For
this purpose, we first present the system model of the network
and cast the energy minimization problem. Accordingly, the
solution to the problem, UAV-Collect algorithm, is presented.
Finally, numerical results are presented to show the effective-
ness of UAV-Collect and models.

A. EFFICIENT DATA COLLECTION FOR UAV-IOUT
SYSTEM MODEL

We consider a UAV-enabled IoUT, where a UAV is deployed
for mission time Tmax, to collect data from M battery-
operated underground sensors (SNs) that are buried in an
agricultural field at various soil depths for soil monitoring.
The location of each SN is defined by (wm, χUGm

), ∀m ∈
M = {1, . . . ,M}, where wm = [wx

m, wy
m]T ∈ R2×1

corresponds to the horizontal location coordinates of the
SNs. The 3D trajectory of the UAV is defined by q(t) =
[qx(t), qy(t)]T and χAG(t), denoting the horizontal location
and altitude of the UAV at time instant t, respectively. The
UAV’s initial or takeoff position is defined by (qI , χAG

I)

with qI = [qx
I

, qy
I

]T ∈ R2×1 corresponding to the hori-
zontal coordinates and χAG

I is the altitude. The UAV lands
at the respective takeoff position qI after completing the
sensor data collection task. Accordingly, the channel between
the UAV and SN m is defined by (16)–(18), where the AG
distance dAGm at time t can be written as

dAGm
(t) =

√
∥q(t)−wm∥2 + χAG(t)2 (20)

During the flight mission, the UAV adopts the TDMA
protocol to collect data from SNs, with each SN transmitting
data after being woken up by the UAV within the scheduled
time frame. In this manner, the SNs conserve energy and
only consume it when triggered by the UAV. Further, we
define a binary variable xm(t) ∈ {0, 1} for communication
scheduling, where xm(t) = 1 shows that SN m is scheduled
or woken up by UAV for data transmission at time instant t
and stays in sleep mode otherwise. Due to the utilization of
the TDMA protocol, only a single SN is woken up for data
collection by a UAV at any time instant t. We also assume

that each SN is only served once during the flight mission.
As a result, we have the following scheduling constraints:

M∑
m=1

xm(t) ≤ 1,∀t (21)

Let pm(t) denote the uplink transmit power of the SN m
at time t, which should satisfy the power constraint: 0 ≤
pm(t) ≤ Pmax, where Pmax is the peak transmit power of the
SNs. Then, assuming that SN m is scheduled for transmission
at time instant t, the achievable uplink rate can be written as:

Cm(t) = W log2

(
1 +

pm(t)|hm(t)|2

WNo

)
(22)

where W is the bandwidth and No is the noise power. Note
that Cm(t) is not exactly known before the flight because
hm(t) is dependent on the undetermined moisture content
of the soil at each SN as well as the instantaneous channels
that change with the movement of the UAV. Therefore, one
of the solutions is to consider an adaptive transmission rate
scheme that is upper-bounded by the worst-case channel
condition of the saturated wet soil with 0 cB moisture value.
However, in the case when the soil condition around most
of the sensors is dry. The UAV and SN will be consuming
more energy to exchange the data bits, while the SNs could
transmit at a higher transmission rate to conserve the energy
consumption utilized for transmission. To solve this issue,
we adopt an adaptive transmission rate scheme, where the
UAV determines the rate Rm(t) in the flight by estimating the
soil moisture content of the SNs through prior spatial mois-
ture correlation information among the SN locations. More
specifically, the UAV flies to the first SN, collects the data
with a transmission rate corresponding to the worst channel
case of saturated wet soil condition, processes the collected
data to estimate the moisture content of the first SN, estimates
the moisture content of the remaining SNs through spatial
correlation information, and select the transmission rate for
remaining SNs that correspond to the estimated moisture
content information. Note that the soil moisture over an area
is highly spatio-temporally correlated, which depends on the
rainfall and vegetation in a particular area [36]. The spatial
correlation in the soil moisture content between two SNs is
modeled as ρs(i, j) = (1 + 0.25ρRdi,j) exp (−0.5ρRdi,j)
[36], [37], where di,j is the distance between SN i and SN
j, and ρR is the mean rain cell radius. Therefore, provided
the moisture content of the first SN, the moisture content of
the rest of the SNs can be estimated using ρs. Following, the
outage probability that the UAV will not successfully receive
the transmitted data from SN m at time t is given as:

Pm(t) = P(Cm(t) < Rm(t)) (23)

= P
(
|gm(t)|2 <

WNo(2
Rm(t)/W − 1

ζm(t)pm(t)︸ ︷︷ ︸
r

)
= F (r)

(24)
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where F (r) denotes the CDF of |gm(t)|2, and for Ri-
cian fading, it can be expressed as F (r) = 1 −
Q
(√

2Km,
√
2(Km + 1)r

)
, where Q is the Marcum-Q

function. To ensure that the uplink data is reliably received
by the UAV, Rm(t) should be selected such that Pm(t) = ϵ,
where ϵ is the maximum tolerable outage probability which
practically ranges between 0 and 0.1 [19]. The outage-aware
transmission rate can be written as:

Rm(t) = W log2

(
1 +

E[pm(t)]|hm(t)|2fm(t)

WNo

)
(25)

where fm(t) = F−1(ϵ) is defined as effective fading power
in the prior work [19]. When F (1) < ϵ, fm(t) = 1.
Also, fm(t) depends on the Rician-K that changes with the
altitude and elevation angle between UAV and SN. In prior
works, fm(t) is only modeled for elevation angles [19], [38].
Due to the lack of an explicit form of the inverse Marcum-
Q function, effective fading power f is approximated by
f = e2

2(K+1) in [19], where e is defined as:

e =


√
−2 ln(1− ϵ) eK/2, K ≤ K2

th/2√
2K + 1

2Q−1(ϵ) ln
( √

2K√
2K−Q−1(ϵ)

)
−Q−1(ϵ), K > K2

th/2

in which Q−1 is the inverse Q-function and Kth is the
intersection of sub functions at

√
2K > Q−1(ϵ). The above

formulation of f is still complicated. Thus, in [19], f as
a function of θm for A2G channels is approximated by a
logistic model, where the approximation is based on the
exponential relationship of the Rician K factor concerning
θm in (12), which did not fit our empirical results in Fig. 10,
and the approximation concerning the altitude is not defined.
Therefore, we approximate f in the UG2Air and Air2UG
channels for θm and χAG separately using linear regression.
We first generate the numerical values of f for θm between
0 degrees and 75 degrees and χAG between 5 m and 29 m
using (13) and (14) with Gaussian parameters from both UAV
antenna cases. Then we analyze the variation of f for θm and
χAG, as shown in Fig. 11. We find that f varies similarly
to the Gaussian estimated Rician-K values. We test fitting a
Gaussian function to the numerical results as shown in Fig.
11 and find that the Gaussian can be utilized to approximate
f with RMSE less than 0.049. Therefore, we approximate f
with respect to χAGm and θm as:

fχAG
m (t) ≈ A1 exp

(
− (χAGm(t)−B1)

2

2(C1)2

)
, (26)

fθ
m(t) ≈ A2 exp

(
− (θm(t)−B2)

2

2(C2)2

)
. (27)

Although θm and χAG are geometrically coupled, using dis-
tinct approximations enables a clear characterization of the
individual influence of each variable on f while maintaining
analytical tractability. This conditional approach allows the
separate effects of altitude and elevation on the channel
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FIGURE 11: Effective fading power f versus θ and χAG with
ϵ = 0.01.

fading factor to be captured explicitly, without assuming
statistical independence. The Gaussian approximations are
physically motivated, capturing both monotonic and non-
monotonic trends observed in the measured Rician-K fac-
tors for different UAV antenna placements, as detailed in
Section V. The Gaussian fits demonstrate that these ap-
proximations provide a reliable and physically interpretable
representation of the measured data.

Consequently, we approximate the total effective fading
power as fm(t) ≈ fθ

m(t) × fχAG
m (t). This multiplicative

form is used as a tractable approximation and does not imply
statistical independence between the two variables. The fitted
Gaussian parameters {A1, B1, C1, A2, B2, C2} in Fig. 11 are
{0.70, 18.73, 19.83, 0.70, 12.86, 30.38} and {0.379, 7.22,
15.08, 0.57, 39.32, 20.68} in the Bottom and Arm antenna
results, respectively. Next, the energy consumption of the
SN can be written as Em =

∫ Tmax

t=0
xm(t)(pm(t) + pc), ∀m,

where pc corresponds to the circuit power of the SN during
the wakeup mode which is a constant value. To ensure that
UAV collects at least Dm bits from each SN in the mission
time Tmax, we must have the following constraint.∫ Tmax

t=0

xm(t)Rm(t) ≥ Dm, ∀m (28)

B. PROBLEM FORMULATION FOR EFFICIENT DATA
COLLECTION
In this work, we consider the UG SNs that are powered by
a battery with limited capacity to monitor soil conditions.
It is crucial to note that, once the SNs are deployed, it is
hard to recharge or replace the battery without removing
the SNs from the soil. Considering the field deployment
cost of each sensor, it is more important to optimize the
resources on the SNs compared to the UAVs, to reduce
energy consumption for operation time maximization. More-
over, it is also important to consider fairness among the SNs
in terms of energy consumption during the data collection
task because fair energy consumption of the SNs leads to
similar operation times of the sensors. This helps to schedule
maintenance of all the SNs at once. Accordingly, we consider
an aerial data collection optimization problem that minimizes
the maximum energy consumption among the SNs by jointly
optimizing UAV 3D trajectory (q(t), χAG(t)), transmission
scheduling xm(t), and uplink transmit power pm(t) while
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satisfying the data collection requirement of each SN. For-
mally, the optimization problem can be written as follows.

P1 : min
ξ,q(t),χAG(t),
pm(t),xm(t)

ξ (29)

s.t Em ≤ ξ,∀m, (30)
||vxy(t)|| ≤ Vxy, ||vz(t)|| ≤ Vz, ∀t, (31)

(q(0), χAG(0)) = (qI , χAG
I), (32)

(q(Tmax), χAG(Tmax)) = (qI , χAG
I),
(33)

χAGmin ≤ χAG(t) ≤ χAGmax, ∀t, (34)
0 ≤ pm(t) ≤ Pmax, ∀t,∀m, (35)
(21), (28),

where vxy and vz are the horizontal and vertical instanta-
neous velocity of the UAV, Vxy and Vz are the maximum
horizontal and vertical velocity of the UAV, and χAGmin

and χAGmax are the authority regulated minimum and max-
imum UAV altitudes, respectively. The constraints (32) and
(33) ensure that the UAV takes off from the initial position
(qI , χAG

I) at t = 0 and lands at the initial position at
t = Tmax. The constraint (31) is the maximum velocity
constraint on the UAV.

C. UAV-COLLECT

Note that the problem P1 is a mixed-integer non-convex
problem, which is difficult to solve. Therefore, we approach
this problem by adopting the fly, hover, and communicate
protocol [21], [39], where the UAV flies to a set of hovering
locations in a sequence and collects the data from each SN
during the hover time. Then, the optimal trajectory is the
UAV flying in a straight line between the hovering locations
with the maximum horizontal and vertical speed (proof given
in [21]). Let Λ= (λ1,. . . ,λM ) be the SN serving sequence of
the UAV, x̂m ∈ {0, 1} be the SN wakeup schedule, p̂λm

be the average uplink power, and (qH
λm

, χAG
H
λm

) and τHλm

be the hovering location and hovering time for the UAV to
collect data from SN λm, ∀m, respectively. Then, the optimal
serving sequence is the one that minimizes the total travel-
ing distance of the UAV while ensuring that each hovering
location is visited exactly once, which is equivalent to the
traveling salesman problem (TSP) with M cities. Therefore,
for a given set of hovering locations, Λ and x̂m can be
obtained by solving the TSP problem using efficient TSP
solver algorithms to find approximate solutions [40]. Also,
the optimal τHλm

is the one that satisfies that the Dλm
bits

are collected from the SN for a given rate Rλm
i.e. τHλm

=
Dλm

/Rλm
. Therefore, for a given SN serving sequence Λ,

hovering time τHλm
, and wakeup schedule x̂m, problem P1

can be reformulated as follows:

P2 : min
ξ,qH

λm
,χAG

H
λm

,

p̂λm

ξ (36)

s.t
Dλm

Rλm

(p̂λm + pc) ≤ ξ,∀m, (37)

M∑
m=1

Dλm

Rλm

+

M+1∑
m=1

||qH
λm

− qH
λm−1

||
Vxy

+
||χAG

H
λm

− χAG
H
λm−1

||
Vz

≤ Tmax,

(38)

χAGmin ≤ χAG
H
λm

≤ χAGmax, ∀m,
(39)

0 ≤ p̂λm
≤ Pmax, ∀m, (40)

where qH
λ0

= qI ,qH
λM+1

= qI , χAG
H
λ0

= χAG
I , χAG

H
λM+1

=

χAG
I , and (38) ensures that the total hovering time and

flying time is less than the maximum flight time Tmax. The
problem P2 is still non-convex because the Rλm

is a non-
convex function for the respective optimization variables. We
approach problem P2 by dividing the problem into two sub-
problems and solving them independently. For a fixed uplink
power, problem P2 can be written as:

P2.1 : min
ξ,qH

λm
,χAG

H
λm

ξ (41)

s.t (37), (38), (39).

The problem P2.1 is still non-convex, and it is hard to find
the optimal solution. Therefore, we solve the problem by
adopting the augmented Lagrangian method (ALM) in which
the constraints are augmented to the objective function to
form a Lagrangian function. In particular, a quadratic penalty
term is added to the Lagrangian function, which reduces the
duality gap. ALM is based on the successive maximization
of an augmented Lagrange function, in which the multipliers
and the penalty parameters are fixed in each iteration, and
then updated between iterations, until convergence. ALM
can be applied to the problem P2.1 by minimizing the
Lagrangian function given in (42), where π = [π1, . . . , πM ],
∆, ι = [ι1, . . . , ιM ] are the Lagrange multipliers associated
with constraints (37), (38) and (39), respectively, and Υ is
the adjustable penalty parameter. The ALM consists of two
main steps, where the first step deals with the minimization
of Lπ,∆,ι(ξ,q

H
λm

, χAG
H
λm

) and second step deals with the
update of the multipliers and penalty parameter. An iterative
algorithm can be used to solve both the aforementioned steps
until convergence. The Lagrange multipliers and penalty
parameter at stage (l) are updated using (43)-(46), where
π
(l+1)
m , ι(l+1)

n and ∆(l+1) are the updated values of Lagrange
multipliers, Υ(l+1) is the updated value of penalty parameter,
and qH(l)

λm
and χAG

H(l)

λm
are the optimized values of the

horizontal and vertical location of the UAV at stage l, re-
spectively. Note that to satisfy the lower bound of constraint
(39), we select χAG

H(l)

λm
= max(χAGmin, χAG

′H(l)

λm
), where

χAG
′H(l)

λm
is the optimized value calculated in the first step
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(minimization) of ALM at stage l. In this way, the sub-
optimal horizontal and vertical hovering positions, i.e., qH∗

λm

and χAG
H∗

λm
, are found.

For fixed horizontal and vertical hovering positions, prob-
lem P2 can be written as:

P2.2 : min
ξ,p̂λm

ξ (47)

s.t (37), (38), (40).

The problem P2.2 is non-convex due to the non-convex
constraints (37). Therefore, we approach this problem by in-
troducing the slack variables δλm > 0,∀m and reformulating
the problem as follows:

P2.3 : min
ξ,p̂λm ,δλm

ξ (48)

s.t δλm
(p̂λm

+ pc) ≤ ξ,∀m, (49)
M∑

m=1

δλm
+

M+1∑
m=1

||qH
λm

− qH
λm−1

||
Vxy

+
||χAG

H
λm

− χAG
H
λm−1

||
Vz

≤ Tmax, (50)

0 ≤ p̂λm
≤ Pmax, ∀m, (51)

Dλm

Rλm

≤ δλm
, ∀m. (52)

The problem P2.3 is convex for all the optimization variables
and can be solved with standard convex solvers such as CVX
[41]. By combining the solutions of each sub-problem, the
problem P2 can be solved using Algorithm 1.

D. EVALUATION OF OPTIMIZED UAV TRAJECTORIES
The performance of UAV-Collect is verified using the nu-
merical simulation. We consider a system with multiple SNs
with UG depths χUGm

= 0.1 m, ∀m, which are randomly
located in a 500 × 500 m2 area as shown in Fig. 12a. We

Algorithm 1 Algorithm to solve P2
1: Set qH

λm
= wλm and initial feasible value of p̂λm .

2: Find the SN serving sequence Λ and wake up schedule
x̂m using the TSP method.

3: Obtain the optimized horizontal qH∗

λm
and vertical

χAG
H∗

λm
hovering locations using ALM.

4: Obtain the optimized uplink power p̂∗λm
by solving prob-

lem P2.3 using a convex solver such as CVX.
5: Construct the UAV path incorporating the maximum fly-

ing speed and line segments, using the acquired serving
sequence, hover positions, and hover durations.

set No = −110 dBm, χAGmin = 5 m, χAGmax = 29 m,
Vxy = Vz = 50 m/s, W = 1 MHz, η = 2, Pmax = 1 W,
pc = 10−3 W, unit antenna gains, and rest of the effective
fading and path loss model parameters from the Bottom
antenna estimated results. The soil moisture value of the
first SN that UAV visits is assumed to be 239 cB, and the
rest of the SNs’ soil moisture values are obtained using the
spatial moisture correlation function ρs with ρR = 0.01. We
consider the following two benchmark trajectory schemes for
performance comparison: (i) Fixed location (FL): Where the
hovering locations of the UAV in Algorithm 1 are fixed and
set above the SNs (ii) Fixed Altitude (FA): Where only the
altitude of the UAV is fixed in Algorithm 1.

The optimized trajectory of the UAV with the Algorithm
1 is shown for M = 5 SNs in Fig. 12a and the corre-
sponding SNs’ wakeup schedule is shown in Fig. 12b, where
Tmax = 60 s and Dλm

= 1 Mbits. It is observed that the
UAV visits each SN and hovers at an optimized 3D position
near the SN for a particular time, and the SNs are only
woken up when the UAV reaches the corresponding hover-
ing positions and remain silent otherwise. The performance
comparison between UAV-Collect and benchmark methods

Lπ,∆,ι(ξ,q
H
λm

, χAG
H
λm

) = ξ +
1

2Υ

{
M∑

m=1

((max{0, πm +Υ(
Dm

Rm
(p̂m + pc)− ξ)})2 − π2

k)

+ ((max{0,∆+Υ(

M∑
m=1

Dm

Rm
+

M+1∑
m=1

||qH
λm

− qH
λm−1

||
Vxy

+
||χAG

H
λm

− χAG
H
λm−1

||
Vz

− Tmax)})2 −∆2) +

M∑
m=1

(max{0, ιm −Υ(χAG
H
λm

− χAGmax)})2 − ι2m)

}
, (42)

π(l+1)
m = max{0, π(l)

m +Υ(l)(
Dm

Rm(qH(l)

λm
)
(p̂m + pc)− ξ(l))}, ∀m, (43)

∆(l+1) = max{0,∆+Υ(

M∑
m=1

Dm

Rm(qH(l)

λm
)
+

M+1∑
m=1

||qH(l)

λm
− qH(l)

λm−1
||

Vxy
+

||χAG
H(l)

λm
− χAG

H(l)

λm−1
||

Vz
− Tmax)}

(44)

ι(l+1)
m = max{0, ι(l)n −Υ(χAG

H(l)

λm
− χAGmax)}, ∀m, (45)

Υ(l+1) = 2Υ(l), (46)
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is shown for M = 100 SNs in Fig. 13, where the min-
max energy consumption in each scheme is calculated for
various values of Dλm with Tmax = 20 minutes. It can
be seen that UAV-Collect outperforms all the benchmark
schemes, and the performance gains are significant. This is
because UAV-Collect finds the optimal hovering positions to
communicate with each SN that provides the best channel
conditions in terms of path loss and small-scale fading. Also,
the comparison between FL and FA schemes shows that it
is more important to optimize the horizontal position of the
UAV than the altitude.

VII. CONCLUSION
In this study, the wireless channel characteristics between
UAV and UG nodes are investigated using in-field outdoor
measurements. The path loss and fading in the Air2UG
and UG2Air channels are obtained at various altitudes and
elevation angles, demonstrating the effect of soil depth, soil
moisture, UAV 3D location, and UAV antenna position on
signal propagation. Furthermore, the channels in both direc-
tions are comparable, and much like the Air2UG channel, the

UG2Air channel’s path loss depends on the incidence and
refraction angles along the propagation path. Accordingly, a
novel path loss model is proposed for Air2UG and UG2Air
channels, which provides low estimation errors compared
to the prior model in the literature. The small-scale fading
distribution is analyzed at UAV and UG nodes that follow the
Rician distribution. The Rician-K parameter is calculated and
found to be significantly dependent on the UAV’s altitude,
elevation angle, and antenna position. Moreover, it is shown
that the Gaussian function yields more accurate estimates of
the Rician-K at various UAV 3D positions compared to the
A2G exponential model. Moreover, the empirical findings
and models are applied to a UAV-aided IoUT to determine
an energy-efficient data collection strategy that satisfies the
sensor data collection requirements. The numerical results
demonstrate that the proposed scheme saves up to 12×
amount of energy on the SNs compared to baseline schemes.
Therefore, the suggested approach could potentially be ap-
plied to prolong the operational lifespan of the sensors in the
soil during the planned data-collecting activities, in addition
to expanding the coverage in IoUT.
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