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Abstract

This paper addresses the issue of existing research that fails adequately capture the spa-
tiotemporal nonstationarity caused by the building of occlusion and flight dynamics in
air-to-ground channels from unmanned aerial vehicles (UAVs) in urban scenarios. This
study focuses on the angular-altitude correlations of three key metrics: path loss (PL),
shadow fading, and the Ricean K-factor. A dynamic path-loss model incorporating the
look-down angle is proposed, an exponential decay model for the shadow-fading standard
deviation is constructed, and a model for the angle-dependent variation of the Ricean
K-factor is established based on line-of-sight probability. Simulations were conducted in
two urban-geometry scenarios using WinProp to evaluate the combined effects of flight
altitude and elevation angle. The results indicate that path loss decreases and subsequently
stabilizes with increasing elevation angle, the shadow-fading standard deviation decreases
significantly, and the Ricean K-factor increases with angle and saturates at high angles, in
agreement with theoretical predictions. These models are more adaptable to UAV mobility
scenarios than traditional fixed exponential models and provide a useful basis for UAV link
planning and system optimization in urban environments.

Keywords: UAV; air-to-ground channel; path loss; shadowing; Ricean K-factor; line-of-sight
probability

MSC: 81P45

1. Introduction

With the growing demand for flexible, rapidly deployable, and cost-efficient commu-
nications infrastructure, unmanned aerial vehicles (UAVs) have attracted widespread atten-
tion from both academia and industry as promising aerial communication platforms [1].
Compared with conventional terrestrial base stations, UAVs offer the advantages of three-
dimensional mobility, flexible deployment, and adaptive coverage. They can be equipped
with wireless transceivers, fly at varying altitudes, and follow predefined or adaptive
trajectories according to communication requirements. Additionally, UAVs are capable of
establishing reliable line-of-sight (LOS) links with ground terminals due to their elevated
positions, which can significantly reduce large-scale path loss and multipath effects. These
unique advantages make UAVs highly suitable for a wide range of wireless communication
scenarios, including providing emergency communication services in disaster areas, ensur-
ing temporary coverage at large-scale events, and enhancing network capacity in densely
populated hotspots where terrestrial infrastructure is either unavailable or overloaded.
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Despite these promising advantages, most existing research on UAV communication
channels relies on simplified analytical expressions or purely stochastic models [2]. While
these models offer mathematical tractability, they often fail to capture the complex propa-
gation characteristics that arise in real-world environments [3]. In particular, they tend to
neglect the impact of three-dimensional building distributions, irregular terrain, and dy-
namic obstacles, all of which introduce significant occlusion and non-line-of-sight (NLOS)
conditions. Furthermore, UAV mobility complicates the channel characteristics, as changes
in altitude, velocity, and flight trajectory directly affect the received signal quality. As a
result, it becomes essential to conduct in-depth investigations of key channel parameters,
such as path loss (PL), shadowing attenuation, and the Ricean K-factor, under realistic
three-dimensional scenarios. These studies provide a more accurate characterization of the
UAV air-to-ground (A2G) channel and offer valuable guidance for the design, optimization,
and deployment of future UAV-assisted wireless networks.

This paper addresses the limitations of existing UAV channel models by proposing a
novel dynamic path-loss model that incorporates the elevation angle and flight altitude,
which are often overlooked in traditional models [4]. Specifically, we focus on the angular-
altitude correlations of three key parameters: path loss (PL), shadow fading, and the Ricean
K-factor. Our proposed model more accurately captures the nonlinear variations of these
parameters in urban environments, where building distributions and dynamic obstacles
play a significant role in signal propagation. Additionally, we introduce a model for the
elevation angle-dependent variation of the Ricean K-factor based on the line-of-sight (LOS)
probability, which significantly enhances the accuracy of channel modeling in UAV A2G
links [5]. This work contributes to a more realistic and effective approach for UAV channel
modeling, providing insights that can help optimize the deployment and performance of
UAV communication systems in urban scenarios.

2. Related Work

UAV communication systems are essential components in the construction of
space—air—ground integrated networks (SAGINSs) [6,7]. As a key enabler of A2G com-
munications, UAVs are being increasingly deployed in various scenarios, such as traffic
monitoring, emergency response, and military operations [8,9]. With the rapid evolution
of fifth-generation (5G) and beyond fifth-generation (B5G) technologies, these emerging
communication paradigms have been gradually integrated into A2G systems to enhance
communication performance and applicability [10]. Against this background, accurate
propagation channel modeling has become critical for system design and performance
evaluation, as it provides an effective means to characterize the transmission features
between transmitters and receivers [11]. Therefore, investigating the channel characteristics
of A2G links in UAV environments [12] is of significant importance.

Over the past decade, the widespread adoption of UAVs in communication systems
has driven extensive research on reliable UAV channel models. Due to the unique properties
of UAV channels, such as the motion of aerial platforms, the ground-level receiving plane,
and the highly dynamic link conditions between transceivers, the statistical characteristics
of the channel vary over time [13], often resulting in time-varying non-stationarity [14]. To
accurately capture the unique characteristics of UAV channels, extensive efforts have been
devoted to UAV channel measurements [15,16] and modeling for channel characterization.

In general, UAV channel modeling approaches can be classified into stochastic mod-
els [17] and deterministic models [18]. Deterministic models usually rely on precise descrip-
tions of the propagation environment. For instance, ray tracing (RT)-based models require
detailed information about the communication scenario and are capable of providing
highly accurate channel parameter estimation [19]. RT is an electromagnetic propagation
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modeling technique based on geometrical optics (GO) and the uniform theory of diffraction
(UTD) [20]. Its fundamental principle is to approximate electromagnetic wave propagation
as the transmission of geometrical rays. By tracking a large number of rays emitted from
the transmitter and following their reflection, transmission, and diffraction paths within
the environment, RT can calculate signal strength, delay, path loss, and other channel
parameters at the receiver [21]. However, the computational complexity of RT increases
exponentially with environmental complexity, which limits its applicability in real-time
scenarios. In contrast, stochastic models rely on statistical properties extracted from ex-
tensive measurements. With properly defined parameters, they can characterize a wide
range of communication scenarios at relatively low complexity [22,23]. In this study, all RT
simulations were performed using Altair WinProp 2022; Altair Engineering Inc., Troy, MI,
USA),full postal address: 1820 E. Big Beaver Rd., Troy, MI 48083, USA.

A stochastic model characterizes wireless channels based on probability distributions
and random processes [24]. Its fundamental concept is to describe the macroscopic behavior
of signal propagation using statistical laws rather than detailed physical computations.
Unlike deterministic models, which rely on precise physical calculations, stochastic models
are more suitable for dynamic, complex, and unpredictable wireless environments [25]. In
specific scenarios, such as urban macrocell deployments, the statistical characteristics of
the channel (e.g., mean, variance, and correlation) remain stable, thereby supporting the
generalization capability of the model [26]. Furthermore, stochastic models can be cate-
gorized into non-geometrical stochastic models (NGSMs) and geometry-based stochastic
models (GBSMs) [27]. NGSMs represent UAV channels in a fully random manner without
assuming any underlying scattering geometry. Some studies have developed NGSMs for
UAV channels under the assumption of time-invariant characteristics, neglecting tempo-
ral non-stationarity [28,29]. To address this limitation, the authors of [30] proposed an
NGSM that incorporates time-varying UAV-related parameters to capture the temporal
non-stationarity of the channel.

In recent years, various geometry-based stochastic models have been proposed to
characterize UAV A2G communication channels. For example, refs. [31,32] introduced
three-dimensional (3D) geometric modeling methods in multiple input-multiple output
(MIMO) channel analysis, where cylindrical structures were used to represent the propaga-
tion environment between UAVs and mobile receivers (MRs), assuming that propagation
paths undergo a single interaction. Further studies reported in [33,34] developed GBSMs
with 3D angular parameters to describe the distribution characteristics of complex scatter-
ers. In addition, ref. [35] proposed a 3D elliptical-cylindrical hybrid model to characterize
the propagation environment around UAVs and MRs, which can be further applied to the
performance evaluation of UAV communication systems. For wideband non-stationary
modeling, ref. [36] introduced a 3D single-cylinder ring MIMO stochastic model to capture
non-stationary characteristics, while ref. [37] proposed a 3D double-cylinder model for
anisotropic UAV-MIMO Ricean fading channels and compared it with deterministic and
simulation-based models. Beyond UAV communications, researchers have also explored
non-geometrical stochastic models in vehicular communications [38], where time-varying
parameters were introduced to account for the dynamic nature of the channel.

To further characterize complex propagation environments, several studies have pro-
posed cluster-based stochastic models. In [39-41], multi-cluster structures and angular
distributions were introduced, together with exponentially distributed propagation dis-
tances, to approximate the scattering characteristics of realistic A2G scenarios. Such models
not only capture the non-stationary properties of UAV communications but are also appli-
cable to the performance evaluation of wideband MIMO systems. To support large-scale
MIMO and millimeter-wave communications, the authors of [42] developed a UAV chan-
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nel model that employs the birth—death (BD) process to characterize the reappearance
of clusters over time and the evolution of arrays, thereby modeling the spatio-temporal
non-stationarity of the channel.

In addition, angle estimation techniques play an important role in UAV channel mod-
eling and system performance analysis. Existing studies have proposed angle estimation
algorithms in the spatial, temporal, and frequency domains to reduce the complexity
of high-dimensional angular parameter modeling [43,44]. More recently, deep learning-
based super-resolution algorithms have been applied to large-scale MIMO channel mod-
eling [45], further improving model accuracy and applicability. Therefore, incorporating
low-complexity yet high-accuracy angle estimation algorithms into UAV channel modeling
is of great significance.

The GBSM approach simplifies scatterers based on the fundamental laws of wave prop-
agation, which effectively reduces the complexity of the channel modeling process. With
the increasing adoption of large-scale MIMO technologies in UAV communications, UAV
channels are expected to exhibit pronounced spatio-temporal non-stationarity, meaning that
their statistical properties vary across both space and time. Consequently, spatio-temporal
non-stationary UAV channel models are essential. Building upon these standard models,
UAV channel modeling has become a research hotspot, providing important directions for
further investigations.

Although the aforementioned models have contributed to the modeling of UAV
channels, there are still some research gaps. Compared to other types of channels, UAVs
exhibit high-altitude, fast-moving characteristics, leading to rapidly time-varying and
spatially non-stationary channel parameters. Traditional static or quasi-static channel
models are no longer applicable. Real-time channel estimation and prediction are required.
Therefore, this paper investigates the following topics.

*  Horizontal trajectories and propagation characteristics: By modeling and simulating
different UAV flight paths in the horizontal plane, this study investigates their impact
on signal propagation in urban environments. Particular attention is given to how
various trajectory patterns affect path-loss trends, shadow-fading variations, and the
distribution of LOS and NLOS components.

e  Flight altitude and statistical properties: Under different altitude conditions, this
work analyzes the effects of flight height on the distribution of path loss, the stan-
dard deviation of shadow fading, and the dynamic variations of the Ricean K-factor.
By comparing low-altitude and high-altitude scenarios, the modulation of channel
statistical and time-varying characteristics by flight altitude is revealed.

*  Non-stationary channel characteristics: Considering both horizontal trajectories and
flight altitude variations, this study further explores the temporal non-stationarity
of UAV channels. The dynamic evolution of channel parameters, such as root mean
square (RMS) delay spread and angle spread, is examined under different trajec-
tory-altitude conditions, thereby providing a basis for accurate A2G channel modeling
and system optimization.

Section 2 investigates the impact of the elevation angle on UAV channel modeling and
proposes models for path loss, shadow fading, and the Ricean K-factor as functions of the
elevation angle, effectively capturing their nonlinear variations. Section 3 validates the
accuracy of the proposed models through ray-tracing simulations. Section 4 summarizes
the significance and potential applications of the proposed models and provides theoretical
support for the optimization of future UAV communication systems.
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3. Channel Modeling

In conventional path-loss models, the effect of the elevation (look-down) angle is
usually not treated explicitly. However, as UAVs operate at varying altitudes and positions,
the elevation angle exerts a significant influence on the propagation path, particularly
in dense urban environments where buildings and obstacles cause complex propagation
conditions. This motivates the introduction of an elevation angle-dependent path loss
model that can more accurately capture the dynamics of UAV A2G channels.

3.1. Path-Loss Model

Existing PL models typically account for the distance-dependent attenuation of the
signal. Nevertheless, the modeling accuracy can be further improved by incorporating the
elevation angle into the formulation. To this end, we propose a novel dynamic PL model
that explicitly includes the impact of the elevation angle, thereby providing a more realistic
representation of UAV communication channels.

A standard log-distance PL model for an LOS-dominant A2G link is

d
PL = PLy(f.) + 10nLlog10di(? + X, 1)

where PLy(f;) is the free-space (or reference) loss at distance dy, ny is the LOS path-loss
exponent, and X, is the log-normal shadowing term (in dB).

However, urban A2G links exhibit a pronounced angle dependence: as 6 increases;
blockage probability typically falls; the first-bounce paths shorten; and the composite
attenuation tends to decrease, then saturate (once most rooftops are below the LOS). To
capture this mechanism while retaining the log-distance structure, we replace the geometric
distance by an angle-aware effective distance:

desf(0,h,dap) = d3pg(0) 2)

In the equation, d3p = w/d%D +h2,and dop = \/(xt — xr)2 + (yr — yr)z, h= |zt —z|,
6= arctan(%)

A parsimonious choice that meets these requirements and is easy to fit is

g(0) =1 —c,(1—cos)]%, 0<c, <1, by € (0,1], ©)

where ¢, controls the overall angle gain, while by controls the nonlinearity, satisfying
0 < ¢, <1,by € (0,1]. It is estimated through band-limited least squares on measured or
simulated data, and its value can vary with the scene or height stratification. A small-angle
expansion shows the intended nonlinearity:

92 bgch

cos@%l—;ig(é))%l—TGz (4)

with a smooth, monotone-decreasing mapping g(6) € ((1 — c;,)%, 1] satisfying the following:

e g(0) =1 (zero elevation reduces to the baseline model);
T

e g(%) = (1-cp)" (high elevation saturates);
e Tunable slope/curvature via two dimensionless parameters.

Therefore, the first meaningful correction is quadratic 6, consistent with gentle PL
improvement at low elevation that accelerates before saturating.

deff(ex h/ dZD)

PL(Q, I’l, dZD) = PL()(fc) + 101’1L10g10 do

+ Xo(0,h) (5)
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desf(0,h,dop) = dsp[1 — ¢ (1 — cos0)]7 (0 < ¢, < 1,b € (0,1]) (6)

This mapping ensures that the path loss decreases monotonically with the elevation
angle and gradually saturates. This model more accurately captures the nonlinear variation
of path loss with the elevation angle, aligning with the propagation mechanism of path
loss in urban environments.

Practical Implications of Path-Loss Parameters and Deployment Guidance

The c; and by parameters in the proposed model can be regarded as the “channel
fingerprint” of a specific urban environment, providing a direct decision-making basis for
UAV deployment.

¢  Environment Classification and Deployment Strategy Selection: The magnitude
of the ¢, parameter (overall angle gain) directly reflects the obstruction density of
the environment. In regions with a large c;, value, UAVs should prioritize a “high-
altitude, steep-elevation-angle” hovering or operation mode to maximize link budget
benefits, whereas in open areas with a smaller ¢y, the requirement for flight altitude
can be relaxed.

* Trajectory Optimization and Ascent Strategy: The by parameter (nonlinearity con-
trol factor) determines the “efficiency” of performance improvement with angle. A
smaller bg implies that a larger elevation angle is required to achieve significant link
improvement. When planning trajectories in complex environments with a small
bg (e.g., those with very tall buildings), UAVs need to perform faster, more decisive
climbing maneuvers; conversely, a more gradual ascent can be adopted to save energy.

*  Dynamic Adjustment of Link Budget: Traditional models use a fixed margin, whereas
our model achieves dynamic path-loss prediction dependent on the elevation angle
(0) through deg. The communication system can dynamically calculate the current ex-
pected path loss based on the real-time elevation angle (f) and stored local parameters
(cn, bp), thereby enabling real-time adjustment of transmit power or modulation and
coding schemes to improve power efficiency.

3.2. Shadow-Fading Model

Shadow fading is commonly modeled as a log-normal process, where, in the decibel
domain, it follows a Gaussian distribution with zero mean and a variance that captures
the large-scale fluctuations caused by blockages. Let X, (0, h) denote the shadow-fading
component, which can be expressed as

Xo(6,h) ~ N (0,02(6,h)) 7)

where o(0, ) is the standard deviation that depends on both the elevation angle (9) and
the UAV flight altitude (h).

To derive the form of ¢ (6, 1), we begin by noting that empirical observations consis-
tently show two key dependencies. First, as the elevation angle () increases, the prop-
agation path between the UAV and the ground receiver becomes less obstructed, which
reduces the severity of shadowing. This suggests that ¢(6, ) should monotonically decay
with 6 and eventually converge to a lower bound at large elevation angles. Second, as the
flight altitude increases, the UAV experiences fewer ground-induced blockages; thus, the
shadow-fading variance decreases with h, approaching a stable value beyond a certain
reference height (Mef).

To mathematically capture these trends, we introduce exponential decay terms with
respect to both elevation angle and flight altitude. Specifically, let oy represent the upper
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limit of the standard deviation at small elevation angles (where shadowing is most severe)
and 0 denote the asymptotic lower limit as § becomes large. By applying an exponential
decay with an angle characterized by the kg coefficient and an exponential decay with a
height characterized by the kj, coefficient, we obtain

0'(9, h) = 0 + (0’0 — g'oo)efkfigﬁe*kh(h*href) (8)

In this expression, 0« is the lower bound of the standard deviation for large elevation
angles, 0y is the upper bound for small elevation angles, ky controls the decay rate with
angle, and § > 0 is the curvature index of angular attenuation (dimensionless). It does not
change the upper and lower limits but only determines the transition shape of ¢ from high
to low with elevation angle. § is obtained through band-limited nonlinear least-squares
estimation. kj, describes the sensitivity to altitude, and k¢ serves as the reference altitude
for normalization. This formulation ensures that (6, h) decreases monotonically with both
6 and h while naturally saturating at high angles or large altitudes. Consequently, the pro-
posed model can accurately reproduce the variation of shadow fading under different UAV
trajectories and environmental conditions, reflecting the reduced occurrence of occlusion
events as elevation angle and altitude increase.

Practical Implications of Shadow-Fading Parameters and Resource Allocation

The shadow-fading standard deviation (¢ (6, /1)) and its parameter set provide a quan-
titative tool for assessing link reliability and conducting robustness design.

*  Dynamic Shadow-Margin Setting: (6, 1) explicitly gives the fluctuation range of
shadow fading under different elevation angles and heights. In link budgeting, it is no
longer necessary to set a conservative fixed margin for the entire cell (e.g., 4.0 dB in the
3GPP model). Instead, the shadow margin can be set dynamically based on the UAV’s
real-time state ((6, /1)) and the model parameters. For instance, a large margin near
0p can be used under low elevation angles (8 < 20°), while a small margin close to
0 can be adopted under high elevation angles (6 > 60°), thereby achieving efficient
resource utilization.

*  Quantitative Trade-off in Altitude Decision: The k; parameter (height decay rate)
quantifies the gain of “trading altitude for link stability”. A larger k; means that
increasing altitude rapidly reduces shadowing fluctuation. For missions requiring
extremely high reliability (e.g., critical control command transmission), a “minimum
safe altitude” should be explicitly defined in mission planning based on kj,, ensuring
the shadow-fading standard deviation always remains below an acceptable threshold.

*  Service-Level Agreement (SLA) Zoning: The ky and  parameters define the elevation
angle boundary where the channel transitions from “unstable” to “stable”. Network
operators can use this to demarcate “Premium Service Zones” (e.g., # > 50°) and
recommend that delay-sensitive or high-throughput services be conducted within this
zone, thereby guaranteeing user experience.

3.3. Ricean K-Factor Model

In wireless channel modeling, the Ricean K-factor is a critical parameter that character-
izes the statistical properties of the propagation environment. Physically, it represents the
power ratio between the LOS component and the NLOS components. A larger K-factor
indicates that the LOS component dominates the received signal, whereas a smaller K-factor
corresponds to environments where multipath scattering is significant and the LOS com-
ponent is weaker. Therefore, the K-factor directly reflects the sparsity of the propagation
environment and the concentration of received power, making it essential for both channel
characterization and performance evaluation. Its fundamental definition is given as
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K — Pros ©)
Pnros

where Prps and Pyjps denote the received power of the LOS and NLOS components,
respectively.

In conventional terrestrial cellular networks, the K-factor is typically modeled as an
empirical parameter fixed for a given environment. However, in urban UAV A2G scenarios,
the geometric characteristics of the propagation environment exert a strong influence on
the K-factor. As the elevation or depression angle (0) increases, the UAV becomes closer to
the receiving plane, resulting in a higher LOS probability and a reduced density of effective
scatterers. Consequently, the K-factor tends to increase with 6. To quantify this behavior,
previous studies have proposed linking the K-factor to the LOS probability, and a widely
used modeling approach is expressed as

B
K(8) = Ko (1 fLI?LSO(SGEG)) (10)

where K denotes the reference K-factor representing the baseline value in the absence of
obstructions and B is an adjustment coefficient that controls the sensitivity of the K-factor
to changes in the LOS probability. Clearly, as Prps(6) increases, the K-factor grows rapidly,
which is consistent with physical propagation mechanisms.

To explicitly model P;ps(0), a logistic function is commonly employed to capture the
relationship between the elevation angle and the LOS probability. The general form is
given by

1

Pros(6) = T o—00+hy (11)

where dy controls the sensitivity of the LOS probability to the elevation angle, with larger
values indicating steeper variations, and by is the offset term, which ensures that P;og(6)
varies within the range of [0, 1].

In summary, by combining the LOS probability model with the K-factor formulation,
the relationship between the K-factor and the elevation angle in UAV A2G channels can
be effectively captured. This model not only reflects the monotonic increase of the K-
factor with increasing LOS probability but also provides flexibility through the Ky and
B parameters to adapt to different environments and altitude conditions. As such, it
offers a more accurate statistical description of UAV channels compared with conventional
constant-K approaches.

Practical Implications of K-Factor Parameters and Transmission Technique Selection

The K-factor model links the channel multipath structure to the LOS probability,
providing clear thresholds for adaptive transmission technique switching.

e Adaptive Switching of Transmission Modes: The K-factor is a key indicator for
choosing between spatial multiplexing and diversity techniques. A K-factor threshold
(Kthres) can be preset. When the predicted K(6) > Kipres (high elevation angle and
strong LOS), the system can switch to higher-order modulation and spatial multi-
plexing mode to increase capacity; when K(0) < Kiyyes (low elevation angle and rich
multipath), it can automatically switch to diversity coding mode to enhance reliability.

*  Beamforming Strategy Optimization: In strong-LOS environments (high K-factor),
beamforming is the optimal strategy. Our model directly indicates the elevation-angle
range of the strong LOS region through P og(6). A UAV base station can use this
model to employ wider beams or sector antennas in low-elevation-angle regions to
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cover multipath areas while enabling high-gain narrow beams in high-elevation-angle
regions to precisely point towards ground users, thereby improving spectral efficiency.

4. Results Analysis

To deeply explore the unique propagation characteristics of drone communication
channels in complex urban scenarios (such as path loss, multi-path effects, delay spread,
etc.), this study uses advanced Altair WinProp 2022 ray-tracing technology-based profes-
sional simulation software for high-accuracy modeling and simulation analysis. Specifically,
by utilizing the powerful 3D scene construction and electromagnetic wave propagation
calculation capabilities of the WinProp software, we precisely established a model of a
typical urban microcell environment.

In this simulation model, the transmitter (Tx) represents the drone’s onboard commu-
nication unit, with its antenna mounted on the drone platform. The antenna is configured
with a transmission power of 40 dBm (10 W) and utilizes a 3 dBi omnidirectional antenna
to simulate the communication payload commonly used by drones. The receiver (Rx)
represents the ground user equipment, such as handheld devices or fixed receiving stations,
with its antenna set at a typical handheld height of 1.5 m above the ground, also employing
a 3 dBi omnidirectional antenna.

The simulation environment is based on the urban model constructed in WinProp, as
shown in Figure 1. The gray areas in the model represent densely distributed buildings,
and the model accounts for the impact of elements of complex urban structures, such
as building layout, height, and materials, on wireless channel characteristics. For the
simulation, all building materials are defined as concrete, with electromagnetic properties
from the EPMC99 material library, including dielectric constant, conductivity, and other
relevant parameters. These parameters realistically reflect the effects on microwave signal
reflection, transmission, and diffraction.

4

Figure 1. Ray-tracing scenario representation in WinProp, red objects represent drones, gray repre-
sents buildings.

The focus of the research is on the impact of these complex urban structures on
the key parameters of A2G wireless channels for drones, specifically in the microwave
communication frequency band (such as the millimeter-wave frequency band, commonly
used for drone communication). The drone (Tx) is set to move horizontally at a constant
speed to simulate flight dynamics. The horizontal movement is adjusted in WinProp along
the flight path, and the vertical flight height (Z coordinate) is modified to simulate realistic
drone motion in three-dimensional space. In this scenario, we set 10 different drone flight
altitudes to study the impact of altitude on drone channel parameters. Secondly, each
altitude drone moves at a constant speed for five moments.
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In terms of the simulation settings, the carrier frequency is set to 2.0 GHz, with the
transmitter power at 40 dBm. The ray-tracing model in WinProp is configured with the
following settings:

. Maximum Transmission Paths: 3;

e  Maximum Reflections: 2;

e  Maximum Diffractions: 1;

*  Reflection and Diffraction Modeling: Uncorrelated power addition for different rays,
consistent with large-scale statistical models;

. Empirical Loss Models: Applied for transmission, reflection, and diffraction, reflecting
realistic path-loss behaviors;

* Phase and Power Superposition: Uncorrelated superposition, ensuring consistency
with large-scale path-loss models.

The WinProp simulation tool is configured to simulate the drone’s communication
channel dynamically by adjusting the transmitter’s position and height. This parametric
scanning method allows us to analyze how changes in the drone’s position, especially the
height, impact channel propagation conditions, such as received signal strength, signal-
to-noise ratio (SNR), and multipath components. Through this dynamic modeling, we
can gain insights into the significant effects of height and position variation on A2G
communication channels.

According to the WinProp simulation scene settings, it is estimated that the total
number of ray-tracing calculation points is n = 12,533. The following Table 1 shows the
ray-tracing time of different scenes compared with the simulated scene and calculated
time . It can be pointed out that as the complexity of the scene increases and the number
of set reflection diffraction times increases, the time required for calculation increases
exponentially.

Table 1. Ray-tracing (RT) runtime examples and our scenario.

Scenario RT Engine Ref-Trans-Diff Rx Points Time
Indoor office SBR 6-4-1 5000 21.5 min
Chicago city Full 3D RT N/A N/A 7h
COST-231 Munich RT N/A N/A few min
City scenario WinProp RT 2-3-1 12,533 one min
Elevation-aware model Analytical inference 2-3-1 12,533 2s

Note: N/A indicates that the corresponding parameter is not mentioned in the paper.

The data generated by WinProp is exported into ASCII files, which include essential
channel parameters for each propagation path. The exported data contains details such
as the path delay, field strength, type of path (deterministic or empirical), number of
interactions (e.g., reflections and diffractions), and the coordinates of interaction points
along the propagation path. These data also provide key information such as the direction of
departure (DoD) and direction of arrival (DoA) in both azimuth and elevation, the Doppler
shift, and the phase of each path. By reading the exported files, we can process and analyze
the parameters to compute the path loss and analyze the effects of multipath propagation.

These values are essential for the detailed analysis of the propagation characteristics,
including identifying multipath components, determining path loss, and understanding
the signal’s behavior in complex urban environments. By processing these outputs, we
gain insights into the overall performance of the drone communication system, specifically
for drone-to-ground (A2G) communication channels.

Figure 2 show a comparison of the curve of path loss related to elevation angle. The
horizontal axis represents the elevation angle, and the vertical axis represents the path
loss. The colored scatter points represent the original samples of ray tracing, and the black
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dashed line represents the fitting result of the elevation-angle perception model proposed
in this paper, with error indicators provided to quantify the fitting accuracy. This figure
corresponds to a set of results under a fixed transmission height and is used to demonstrate
the monotonic change of the model with elevation angle and the saturation trend in the
high-elevation-angle range. The “measured curve” in all subsequent figures in this article
is obtained through the same data cleaning and fitting process to ensure comparability and
reproducibility under different environments.

h tx=11.5 m, t=3
125

RT (raw)

120 4 = Proposed model (fit)

115 A

110 A

Path Loss (dB)

105 A

100 1 RMSE=2.70 dB
MAE=2.11 dB

10 20 30 40 50 60 70 80 90
Elevation angle 6 (deg)

Figure 2. Raw data points and fitted data.

For visualization, we apply a per-subset vertical alignment (Ap;, = mean(PLgu, — PLyyoger))-
Where PL,,,4.; denotes the predictions of Equation (2) evaluated on the same 6, d3p and
the global parameters (ny, ¢y, by). This plotting-only offset does not affect fitting or metrics.

Figure 3 illustrates the variation of path loss with elevation angle at time step t = 3
for three representative UAV heights. In this paper, time is discretized into equally spaced
samples with a sampling period of At = 1's. The UAV moves uniformly in the horizontal
direction “specified direction” according to a constant velocity model, with a speed of
v=1m/s. A label of t = 3 indicates that three sampling periods have elapsed since the
original position and the UAV has moved 3 m along the x-direction. With the exception of
position, all other simulation parameters remain unchanged to compare the time-varying
nature of channel statistics under different time snapshots. A clear trend can be observed: as
the elevation angle increases, the path loss decreases significantly. This phenomenon arises
because higher elevation angles correspond to shorter three-dimensional link distances and
a higher probability of line-of-sight conditions, thereby reducing attenuation.

At the same elevation angle, the path loss is larger for higher UAV heights. This is
reasonable, since a higher altitude introduces a larger vertical separation between transmit-
ter and receiver, which increases the effective propagation distance. As a result, the curve
corresponding to the highest altitude always lies above that of the lower altitudes.

In addition, the difference between curves is more pronounced at small elevation
angles. At low angles, propagation is dominated by longer slant paths and stronger shad-
owing effects, so changes in UAV height produce noticeable differences in loss. Conversely,



Mathematics 2025, 13, 3377

12 of 21

at high elevation angles, the curves converge, indicating that the propagation channel

becomes less sensitive to height once the UAV approaches a near-vertical link.

(a) PL vs Elevation Angle — Same Time Step (t=3)

120 A UAV Height & Models
—A— h=9.0m - 3GPP
h=11.5m ITU-R P.1410

@ 1104 —e— h=14.0m — = Al-Hourani
\5 = = Proposed

<)
— 1001
k=

<
A

90
10 20 30 40 50 60 70 80 90
Elevation Angle (°)
(b) Angle-binned RMSE (aligned at 80°)

%\ 154 7 —-®- Proposed

= s -+A-- 3GPP

-_E 104 ™. ITU-R P.1410

3 N === Al-Hourani
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g 51 oo

Aoz =% A A N
~ ."'—‘ ."“-—-.--'-6-—“'-;-'-‘—0-7-‘#-‘0'-;“-—-0—'—-0-—-0—-'—‘
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Figure 3. (a) Path loss vs. elevation angle at t = 3 for three UAV heights with baseline model
comparison (3GPP, ITU-R P.1410, Al-Hourani). (b) Angle-binned RMSE vs. elevation angle after
80° alignment (Proposed vs. 3GPP, ITU-R P.1410, Al-Hourani). f. = 2000 MHz, do =1,n = 2.46,
Cp = 0.06, bg =0.626, ApL =73.

Finally, by comparing the path-loss curve plotted based on ray tracing data with the
proposed model, it can be observed that the downward trend of the curve is the same,
which verifies the accuracy of the proposed model. Compared with 3GPP and the Al
Hourani model, the RMSE of the proposed model is lower. It is worth noting that the RMSE
images of ITU-R p.1410 and the 3GPP model overlap. In general, the model considering
the elevation factor not only ensures high angle accuracy but also considers the sensitivity
of low and medium angles to altitude and the scattering environment. It has a lower RMSE
and is more suitable for describing the “angle loss” law in dynamic UAV air-ground scenes.

Figure 4 illustrates the relationship between path loss and elevation angle at a fixed
drone height of 18.0 m, with data divided into five different time points. In the small
angle range (approximately 0°-20°), the separation among the curves at different time
points is more pronounced. This indicates that at low elevation angles, the channel is more
susceptible to non-line-of-sight propagation and obstacles and that temporal variations or
environmental dynamics can exacerbate this uncertainty.

In the elevation-angle range of 20° to 60°, the shapes of the curves at different times
are similar and have consistent trends, primarily characterized by ‘approximately parallel
overall upward and downward shifts’. This indicates that temporal variations are more
reflected in the additive shifts of large-scale gains (such as slight changes in instantaneous
path lengths or overall fluctuations in scatter cluster power), while the angle-related fading
slopes remain fundamentally stable. In contrast, at higher elevation angles (60°), differences
between curves at different times converge significantly. In this segment, the line of sight is
dominant, and the effective scattering density decreases, leading to an ‘averaging out’ of
temporal changes, thereby reducing the differences across time. This feature provides a
quantitative basis for the high-elevation-angle robust region.
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(a) PL vs Elevation Angle — Same Height (h=18.0 m)
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Figure 4. (a) Path loss vs. elevation angle at a fixed UAV height (h = 18.0 m) across five time steps
(t = 1-5), with baseline model comparison (3GPP, ITU-R P.1410, Al-Hourani). (b) Angle-binned
RMSE vs. elevation angle after 80° alignment (Proposed vs. 3GPP, ITU-R P.1410, Al-Hourani).
fe =2000MHz, dy =1, np =2.1, ¢, =0.3, by = 0.5, Apy = 130.

In summary, under a fixed height, the functional form of path loss as a function of
elevation angle remains largely stable across different moments, while temporal variations
mainly manifest as an additive offset in overall gain and an amplification of discreteness in
the low-elevation-angle segment, with a clear convergence observed in the high-elevation-
angle segment. The proposed model that accounts for height not only maintains the
smoothness and monotonicity of curves between different time steps but also explains the
significant differences at small angles and the convergence at large angles.

Figure 5 shows the relationship between the standard deviation of shadow fading
and the heights of three drones at the same moment. All three curves monotonically
decrease with increasing elevation angle and tend to flatten and converge in the high-
elevation-angle range: at low elevation angles, the propagation path is more susceptible to
blockage and multipath scattering caused by buildings, trees, and other obstacles, resulting
in stronger shadow fading, whereas at higher elevation angles, the link approaches line-
of-sight conditions, significantly reducing the effects of scattering and blockage, leading
to weaker shadow fading. This is consistent with the geometric statistical mechanisms
of predominance of line-of-sight, reduction in the number of effective scatterers, and
shortening of blocked paths.

In most elevation-angle ranges, higher flight heights correspond to lower levels of
shadow fading; at the same time, the shadow fading at higher heights is generally lower
than at lower heights. This indicates that increasing height (h) can enhance the stability
of LoS and weaken the fluctuations of slow fading, thereby reducing the variance of the
shadow component.

At the same elevation angle, the shadow decay levels at different heights are relatively
similar, with only minor variations. This indicates that, under the same moment and
environmental conditions, the impact of height is secondary, while the elevation angle is
the dominant factor. Particularly in the low-elevation-angle region, all three curves exhibit
higher shadow decay levels, with noticeable fluctuations. As the elevation angle increases,



Mathematics 2025, 13, 3377

14 of 21

the curves gradually converge, suggesting that in the high-elevation-angle region, the
dependence of shadow decay on height diminishes.

Shading vs Elevation Angle — Same Time (t = 1)

UAV Height
—— h=9.0 m
4 == Proposed (model)
- -- 3GPP baseline (6=4.0 dB)
= ITU-R P.1410
% 31 - Al-Hourani
& h=11.5m
g == h=14.0m
CRY
<
=
n
1 p
O p

0 10 20 30 40 50 60 70 80 90
Elevation Angle 0 (°)

Figure 5. Shading vs. elevation angle at t = 1 for three UAV heights (h = 9.0, 11.5, and 14.0 m), with
baseline model comparison (3GPP ¢ = 4.0 dB, ITU-RP.1410, Al-Hourani). 0 = 5.65, 0y = 2.77,
kg =3.0, B=0.022, kj, =1, hpes = 6.67.

Finally, through comparison, it can be observed that both the ITU-R P.1410 and Al
Hourani models have significant shadow fading, which does not decrease with increasing
angle. This reminds us to reserve a higher shadow margin in low-elevation-angle segments;
the conservativeness can be moderately reduced in high-elevation-angle segments. Key
operations should ideally be completed in the high- to mid-elevation-angle range to reduce
slow fading uncertainties; if necessary, a higher flight altitude may be employed to achieve
lower shadow variance. This stands in contrast to 3GPP models that disregard angle
dependence, and it better reflects the propagation characteristics of drone-based air-to-
ground communication channels.

Figure 6 illustrates the variation of the standard deviation of shadow fading with
elevation angle when the drone height is fixed at 12.0 m over five time intervals. Upon
comparison of different time steps, the curves generally exhibit a similar downward trend,
with the differences between time steps being most pronounced at low elevation angles.
The curve separation across time steps is more significant in the low-elevation-angle region,
indicating that this segment is more sensitive to environmental and trajectory changes over
time. Physically, this is related to the lower LoS probability at low elevation angles, the
higher proportion of diffraction and scattering components, and the fluctuation in scatterer
visibility over time. It is recommended to allocate a higher shadow margin for this angle
segment in link budgeting.

In the medium-elevation-angle region, the curve shapes at different moments are
approximately parallel, mainly exhibiting an overall up-and-down shift due to “additive
offset”; this indicates that the angle-dependent attenuation slope remains basically stable
over time at the same height, while the temporal variation is primarily manifested in the
offset of large-scale gain terms (such as overall fluctuations in scattering cluster power
or short-term geometric distance differences). At high elevation angles, the differences
between curves across different moments converge significantly; in this region, LoS (Line-
of-Sight) dominates, and the path structure is simpler, with temporal variations being
“averaged out”. From a practical perspective, this area can be regarded as a “stable operation
zone”, suitable for hosting services that are not sensitive to time variations and do not
require stable connectivity.
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Shading vs Elevation Angle — Same Height (h = 12.0 m)

Time Step
t=1
t=2
=3
=4
t=5
Proposed (model)
3GPP baseline (6=4.0 dB)
- ITU-R P.1410
+ Al-Hourani

Shadowing (dB)

10 20 30 40 50 60 70 80
Elevation Angle 6 (°)
Figure 6. Shading vs. elevation angle at a fixed UAV height (h = 12.0 m) across time steps t = 1-5,

with the proposed model and baseline comparisons (3GPP ¢ = 4.0 dB, ITU-R P.1410, Al-Hourani).
Uoo = 5.65, 0p = 3.88, kg = 0.017, B =0.022, k, =1, hypp = 32.

The K-factor represents the ratio of the line-of-sight (LoS) component to the multipath
components. It reflects the quality and stability of the communication channel. As shown
in Figure 7, at the same elevation angle, as the UAV height increases, the overall trend of k
decreases; meanwhile, the sensitivity of k to the elevation angle weakens, meaning the k — 6
curve becomes flatter. Compared to low-height scenarios, near-ground scatterers are denser,
and occlusion and ground reflections are more active. Even small changes in elevation
angle can cause significant fluctuations in k. However, at higher altitudes, the propagation
geometry and the visibility of scatterers are adjusted, resulting in the suppression of the
response of the multipath structure to variations in angle, with the fluctuation amplitude
of K significantly reduced with respect to 6.

K Factor vs Elevation Angle — Same Time (t=0)

Height / Model

4 h=9 (S=0.08 dB/°)
- h=10 (8=0.07 dB/°)
=& h=11($=0.07 dB/°)

h=12 ($=0.06 dB/°)
§ h=13 ($=0.06 dB/°)

h=14 ($=0.05 dB/°)
== Proposed (model)
— 3GPP TR 38.901 (K=4.0 dB)
— WINNER II model

20 30 40 50 60 70 80
Elevation Angle (°)

Figure 7. K-factor vs. elevation angle at t = 0 for six UAV heights (9-14 m), with the proposed model
and baselines (3GPP TR 38.901, WINNER II). Ky = 2.38, B = 0.23, ag = 0.23, by = 1.08, 0, = 1.62,
and Oy, = 7.14.
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When the altitude is higher, the trend of k varying with the elevation angle is smaller,
making the system more robust to angular fluctuations. Therefore, in dynamic scenarios
where elevation angles change rapidly (e.g., maneuvering flights or mission areas with
significant environmental disturbances), prioritizing higher flight altitudes helps stabilize
link quality and reduce uncertainties caused by large-scale fluctuations. Secondly, the
3GPP TR 38.901 and WINNER II models predict a somewhat higher K-factor at lower UAV
heights compared to the proposed model. The curves for these models also show a less
pronounced decrease in K-factor sensitivity with increasing elevation angle. This may be
because these models do not fully account for the dynamics of UAV height and its effect on
multipath visibility at various angles.

As shown in Figure 8, within the observed elevation range, all curves monotonically
increase with angle (6), which is consistent with the law of the air-to-ground channel, that
is, a larger angle increases the probability of P pg(f) and enhances the specular component,
thereby increasing the K-factor. The local-angle sensitivity (S £ 9Kgg/d6) is positive at all
time steps (f).

K Factor vs Elevation Angle — Same Height (h=9)

7 Time / Model
> =0 (S=0.08 dB/°)
t=1 (S=1.64 dB/°)
>& =2 (S=5.80 dB/°)
= =3 (S=12.09 dB/)
== Proposed (model)
~— 3GPP TR 38.901 (K=4.0 dB)
== WINNER II model

— = T CooEemT T o=
 —m =TT - — 7
f\_&e
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Elevation Angle (°)

Figure 8. K-factor vs. elevation angle at a fixed UAV height (h = 9.0 m) across time steps (t = 0-3), with
the proposed model and baselines (3GPP TR 38.901, WINNER II). Ky = 3.0, B = 0.97, ay = 0.012,
bp = 0.75, Oimin = 10.6, Omax = 84.4.

Angular sensitivity over time: The fitted slopes exhibit a clear ranking of t = 0 <
t=1<t=2<t =23 AsmallerS value indicates dominance of scattering or weak
line-of-sight (LOS) conditions. A larger S value implies dominance of strong LOS/specular
reflection—a slight increase in slope will increase the k factor.

Low-elevation-angle region: The K values at various moments are generally low, but
the differences across moments are relatively insignificant; increasing the elevation angle
in this region can bring about stable k gains. Medium downward viewing-angle region:
The curves begin to separate significantly; moments with larger S values (such as t = 2, 3)
are more sensitive to angle changes and yield faster benefits. High-elevation-angle region:
The K values are generally higher, and the differences between different moments are
further widened; the “strong angle dependence” in this period is particularly prominent at
moments with larger S values.

At a fixed height, the relationship between the k factor and the down-looking angle
exhibits characteristics of consistent morphology and time-varying sensitivity over time:
the main difference at different moments lies in the “speed at which angle increase brings
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about K gain” rather than the trend direction itself. This result differs from the “height
effect”, which focuses on changing the overall level of the curve, emphasizing the regulatory
effect of time on the “LOS enhancement rate”.

The measurement and fitting results presented above consistently demonstrate that
incorporating elevation angle into channel modeling significantly improves the accuracy
and physical interpretability of UAV air-to-ground links. For path loss, the proposed model
captures the monotonic decrease with elevation angle and the convergence of curves at
high angles while also correctly reflecting that at the same angle, higher UAV altitudes
yield larger attenuation. For shadow fading, the model reveals a clear reduction in standard
deviation as the elevation angle increases, highlighting that angle is the dominant factor,
whereas altitude plays a secondary role. The model successfully characterizes the steady
increase in the K-factor with the elevation angle and its saturation at high angles while
preserving the altitude dependence at low-to-medium angles.

The RMS Delay Spread (RMS-DS) represents the spread of signal arrival times due to
multipath propagation in a wireless channel. It indicates how dispersed the received signal
energy is over time. In the Figure 9, the RMS-DS values are primarily distributed within
the range of 75-150 ns, exhibiting a statistical characteristic close to a normal distribution.
The peak is observed in the range of approximately 100-125 ns, indicating that this delay
spread value occurs most frequently in this channel environment. The relatively small
RMS-DS values (<175 ns) indicate that the channel’s multipath effect is relatively weak. This
distribution characteristic suggests favorable channel conditions, likely corresponding to
line-of-sight propagation or an environment with fewer reflecting objects. The concentrated
distribution of delay spreads benefits system timing synchronization and equalizer design.

RMS-DS Distribution RMS-AS (DoA) Distribution RMS-AS (DoD) Distribution
Time Step 0.0 Time Step 0.0 Time Step 0.0
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Figure 9. Root mean square (RMS) delay spread and angle spread.

Based on the RMS-DS distribution, the equalizer tap length and algorithm complexity
can be optimized. The statistical properties of angular spread provide a basis for antenna
spacing design in large-scale MIMO systems. The peak and variance of the distribution data
can be used to set channel parameters in link-level simulations. The distribution changes
of drones in different locations can be analyzed, and the temporal evolution characteristics
of channels can be studied. This can provide guidance for the future development of
correlation models between RMS-DS and RMS-AS, as well as simplified channel simulation
methods based on statistical distributions.

Compared with other models, the proposed angle-aware formulations produce
smoother and more physically consistent curves, eliminate systematic bias at low ele-
vation angles, and provide parameter sets with clear physical meaning. These properties
enable both better fitting to the measured data and improved generalization across dif-
ferent UAV heights and time steps. Overall, the results verify that elevation angle is a
key parameter governing the statistical behavior of path loss, shadow fading, and the
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K-factor and that the proposed models provide a unified and effective framework for UAV
channel characterization.

5. Conclusions

This paper proposes a dynamic path-loss model based on elevation angle and flight al-
titude, providing an in-depth analysis of the channel characteristics in UAV communication
within urban environments. The study reveals that both elevation angle and flight altitude
significantly affect path loss, shadowing, and the Ricean K-factor. Specifically, in urban
environments, as the elevation angle increases, path loss and shadowing decrease, while the
K-factor increases with the elevation angle. This research presents a more accurate model
that effectively describes how wireless channels change with environmental variations
during UAV flight, addressing the limitations of traditional models that fail to account for
these factors.

Compared to existing models, the proposed model demonstrates higher accuracy and
practicality, especially in complex urban environments. Simulation results validate the
effectiveness of the theoretical model, providing essential theoretical support for the design
and optimization of future UAV communication systems.

Future research can further explore the effects of more complex urban scenarios and
dynamic environmental factors (such as tree obstructions, weather changes, etc.) on channel
characteristics and conduct broader validation and optimization by incorporating real-
world measurement data. Additionally, with the rapid development of 5G and future 6G
communication technologies, efficient UAV-based communication systems will play a key
role in smart cities, the Internet of Things (IoT), and other fields, further enhancing network
reliability and coverage.

In the Table 2, all variables used in Sections 3 and 4 of this paper are comprehensively
defined and listed for reference.

Table 2. Summary of variables.

Variable Description
PL Path loss (in dB)
PLoy(fc) Reference path loss at frequency f,
nr Path-loss exponent
h UAV flight altitude
0 Elevation angle
Xy (6,h) Shadow-fading random variable
do Reference distance
dsp 3D distance
drp 2D distance
g(0) Function dependent on elevation angle
00 Upper bound for small elevation angles
Ooo Lower bound for large elevation angles
ke Decay rate with elevation angle
ky, Decay rate with height
B Curvature index of angular attenuation
Pros(0) Line-of-sight probability dependent on elevation angle
c Angle gain factor controlling the overall angle gain
by Nonlinearity control factor
Apr, Mean difference between model and data
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