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Channel Model

INPUT–OUTPUT MODEL → y(t) = H(qr(t),qt(t), t)x(t) + n(t)

CHANNEL GAIN MODEL

H(qr(t),qt(t), t) =
G(qr(t),qt(t)) · s(pr(t),pt(t)) · h(pr(t),pt(t), t)

LP (pr(t),pt(t))

Propagation Terms:
G(qr,qt): antenna gain product
s(pr,pt): large-scale shadowing
h(pr,pt, t): small-scale fading
LP (pr,pt): path loss

Signals and States:
x(t): transmitted signal
y(t): received signal
n(t): receiver noise
qr(t), qt(t): receiver and transmitter poses

pr(t), pt(t): receiver and transmitter positions
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Antenna Gain and Pose Coupling

The antenna gain depends on the full pose (the
position and the orientation).
For a quadrotor, the antenna is body-fixed and the
antenna gain changes because:

Translation requires pitch/roll change
Pitch/roll rotates the antenna boresight

Decoupling position and orientation ⇒ adds additional control on the antenna gain.
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UAV Air-to-Ground (A2G) Channel Model

Why A2G differs from terrestrial
UAV elevation angle θ improves LoS probability
Ground-level clutter (buildings, trees) causes NLoS
Channel properties vary continuously with altitude
h and horizontal distance d

LoS probability

PLoS(ϑ) =
1

1 + C exp
[
−B(ϑ− C)

]
where ϑ = arctan(h/r) is the elevation angle, B, C are
environment-dependent constants (urban, suburban..).

UAV

GS

NLoS LoS

ϑ

h

At high altitude, ϑ ↑ ⇒ PLoS ↑ ⇒ better channel, but path distance increases. An optimal altitude h∗ exists.

H. El Hammouti et al. ”Air-to-ground channel modeling for UAV communications using 3D building footprints,”
International Symposium on Ubiquitous Networking. Springer International Publishing, 2018.

D. Bonilla Licea, G. Silano, H. El Hammouti, M. Saska, M. Ghogho Mobility-, orientation-, and airframe-aware channel modeling ICUAS 2026, Corfu, Greece 4 / 12



A2G Channel: Rician Modeling

A2G fading is well modelled by the Rician
distribution:

f(r) =
2r(K + 1)

Ω
exp

(
−K− (K + 1)r2

Ω

)
I0

(
2r

√
K(K + 1)

Ω

)
K: Rician K-factor (ratio of LoS power to scattered
power)
Ω: total average power

At low altitude: K small (NLoS-dominated, Rayleigh-like)
At high altitude: K ≫ 1 (LoS-dominant, nearly deterministic)
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Small-Scale Fading

Multipath Interference: LoS and reflected waves arrive with different phases, causing:
Constructive interference → signal boost
Destructive interference → signal fading

Effects vary over distances ∼ wavelength (cm-scale at GHz).

A. F. Molisch, Wireless Communications, John Wiley & Sons, 2011.

In general, Rayleigh distribution is used to model multipath fading in wireless communications.
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Shadowing (Large-Scale Fading)

Shadowing: occurs when large objects (e.g., buildings, terrain) obstruct the LoS path, causing a
significant drop in received power over large distances.

A. F. Molisch, Wireless Communications, John Wiley & Sons, 2011.

LoS between nodes B and C is blocked → reduced signal strength due to shadowing.
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Shadowing (Large scale fading)
Shadowing model

Log-normal shadowing: received power Pr in dB
satisfies

Pr(dB) = P r(dB)− Xσ︸︷︷︸
shadow

, Xσ ∼ N (0, σ2
s)

Spatial correlation (Gudmundson model):

E[Xσ(p1)Xσ(p2)] = σ2
s exp

−∥p1−p2∥/dc

dc: decorrelation distance (∼10–50 m in urban
areas).

Bldg A
Bldg B

TX

high alt.

low alt. – shadow zones

shadow shadow

h

Key trade-off: flying high avoids shadowing but increases path loss and propulsion energy. Pose-aware
planning must account for both simultaneously.

Gudmundson M. “Correlation model for shadow fading in mobile radio systems”, IEEE Letters 1991; 27:2145–2146.
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Airframe Self-Shadowing in UAV Communications

The UAV’s own mechanical structure (frame arms, motor mounts, battery, payload) physically
obstructs the antenna radiation pattern, creating attitude-dependent signal blockage.

Figure right: Illustration of airframe shadowing; Figure left: Top: airframe shadowing loss of each link for the
benchmark trajectory; LSGU (continuous line) and LSBS (dashed line). Middle: normalized end-to-end bit rate r(ψ̃t)/B

for the benchmark trajectory (black), the ASA trajectory (red), and the multirotor UAV (blue). Bottom: benchmark
trajectory (black), and ASA trajectory (red); x components in continuous lines, and y components in dashed lines.

Licea DB, Bonilla M, Ghogho M, Saska M. ”Energy-efficient fixed-wing UAV relay with considerations of airframe shadowing”, IEEE
Communications Letters. 2023 Apr 5;27(6):1550-4.
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Path Loss, Shadowing, and Fading in Wireless Channels
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On the Spatial Predictability of
Communication Channels

Mehrzad Malmirchegini, Student Member, IEEE, and Yasamin Mostofi, Member, IEEE

Abstract—In this paper, we are interested in fundamentally
understanding the spatial predictability of wireless channels.
We propose a probabilistic channel prediction framework for
predicting the spatial variations of a wireless channel, based on
a small number of measurements. By using this framework, we
then develop a mathematical foundation for understanding the
spatial predictability of wireless channels. More specifically, we
characterize the impact of different environments, in terms of
their underlying parameters, on wireless channel predictability.
We furthermore show how sampling positions can be optimized to
improve the prediction quality. Finally, we show the performance
of the proposed framework in predicting (and justifying the
predictability of) the spatial variations of real channels, using
several measurements in our building.

Index Terms—Spatial predictability, Wireless channels, Prob-
abilistic modeling and estimation.

I. INTRODUCTION

IN the past few years, the sensor network revolution has
created the possibility of exploring and controlling the

environment in ways not possible before[2], [3]. The vision
of a multi-agent robotic network cooperatively learning and
adapting in harsh unknown environments to achieve a common
goal is closer than ever. Since each agent has a limited sensing
capability, the group relies on networked sensing and decision-
making to accomplish the task. Thus, maintaining connectivity
becomes considerably important in such networks. In the
robotics and control community, considerable progress has
been made in the area of networked robotic and control
systems [4]. However, ideal or over-simplified models have
typically been used to model the communication links among
agents. For instance, disk models are commonly used, where
the link quality is assumed above an acceptable threshold in
a disk around the transmitter, with no connectivity outside of
the disk, as shown in Fig. 1 (top-left).

In order to realize the full potentials of these networks, an
integrative approach to communication and motion planning
issues is essential, i.e., each robot should have an awareness
of the impact of its motion decisions on link qualities, when
planning its trajectory [5]. This requires each robot to assess
the quality of the communication link in the locations that
it has not yet visited. As a result, proper prediction of the
communication signal strength and fundamentally understand-
ing the spatial predictability of a wireless channel, based on

Manuscript received October 18, 2010; revised May 17 and August 15,
2011; accepted October 10, 2011. The associate editor coordinating the review
of this paper and approving it for publication was F. Tufvesson.

The authors are with the Electrical and Computer Engineering Department,
University of New Mexico, Albuquerque, NM, USA (e-mail: {mehrzad,
ymostofi}@ece.unm.edu).
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Fig. 1: (top) Different connectivity models for the communication
channel to the fixed transmitter at (0,0) coordinate: (top-left) sim-
plified disc model that is commonly used in the robotic-network
literature (top-middle) our probabilistic path loss model, and (top-
right) our general probabilistic model. (bottom) underlying dynamics
of the received signal power across a route in the basement of ECE
building.

only a few measurements, become considerably important. In
the communications community, rich literature was developed,
over the past decades, for the characterization and modeling of
wireless channels [6]–[9]. If all the information about object
positions, geometry and dielectric properties is available, ray
tracing methods could be used to model the spatial variations
of the received signal strength in a given area [10]. However,
such approaches require knowing the environment, in terms
of locations of the objects and their dielectric properties,
which is prohibitive for real-time networked robotic appli-
cations. Furthermore, such approaches can not provide a
fundamental understanding of wireless channel predictability.
In the wireless communication literature, it is well established
that a communication channel between two nodes can be
probabilistically modeled as a multi-scale dynamical system
with three major dynamics: small-scale fading (multipath),
large-scale fading (shadowing) and path loss [6]–[8]. Fig.
1, for instance, shows the received signal power across a
route in the basement of the ECE building at UNM. The
three main dynamics are marked on the figure. The measured
received signal is the small-scale fading. In order to extract the
large-scale component, the received signal should be averaged
locally over a distance of 5λ to 40λ (depending on the
scenario), where λ is the transmission wavelength [7], [11]. In
the example of Fig. 1, for instance, we averaged the channel
locally over the length of 5λ = 62.5cm, by using a moving
average (frequency of operation is 2.4GHz). Once we have
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A. M. Malmichrgini et al., “On the Spatial Predictability of Communications Channels,” IEEE Transactions on
Communication, 2012.
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Prior Knowledge of the Communication Channel

Physical Map Available RF Map Available

Other Possible Scenarios:
Only sparse RF measurements are available.
A purely analytical model is used.

A. Muralidharan et al., “Path Planning for Minimizing the Expected Cost Until Success,” IEEE Trans. Robotics, 2019.
C. M. P. Ho et al., “Wireless Channel Prediction in a Modern Office Building Using an Image-Based Ray Tracing Method,”

Proc. IEEE GLOBECOM, 1993.
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Summary: Channel Effects and Their Impact on UAV Planning

Effect Physical Cause Scale Impact on UAV Planning

Path loss Geometric spreading ∝ dn
Drives 3D placement:

optimal altitude h∗

Shadowing Obstacle blockage 10–100 m Shadow-aware trajectory

Small-scale fading Multipath ∼λ (cm)
Statistical margin in link

budget

Antenna gain Directional pattern +
attitude coupling

Instantaneous
Pose optimisation

required
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