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Abstract—This paper presents a drone height estimation tech-
nique based on 5G signal strength to support aerial operations.
The approach exploits height-dependent variations of the received
power caused by base station antenna patterns and line-of-
sight links. By extending a system-level simulator with aerial
user and channel models, we generate signal strength data to
train machine learning models. Among the evaluated models, an
ensemble decision tree achieves the best performance, with a root
mean square error below two meters. In different simulated fli
scenarios, the estimation error is below 2.5 meters during 9,
of the time. Although the method does not outperform GNSS,
it illustrates that cellular connectivity of drones can provi
complementary source of height information.

Index Terms—UAY, 5G, height estimation, RSRP, ML, PN

I. INTRODUCTION

Positioning, navigation, and timing (PNT) are

passing radio, magnetic, acoustic,@nd ultrasonic-based sys-
tems [1]. Radio-based techniques are well-investigated, using
approaches like time difference, angle of arrival, and recei
signal strength. Researchers have used round-trip timing
signals of opportunity [3], and RF fingerprinting
figurable intelligent surfaces [4], [5]. A critical li
persists: most methods are designed primari
users, yielding mainly two-dimension
deployment of drones, such plana
ficient and calls for height esti
the vertical dimension. Height es
integration of aerial devices into non-sg
useful for a wide range of tasks, includi tonomous navi-
gation, high-precision georeferencing for mapping, surveying,
as well as real-time localization for beyond visual line-of-sight
operations (see our work [6]) and safety protocols like return-
to-home.

Existing solutions for height estimation use dedicated on-
board sensors like barometric pressure sensors, LiDAR, or
radar altimeters. Barometers are inexpensive and provide ac-
curate relative altitude measurements but suffer from drift and
air pressure variations. LiDAR and radar altimeters provide

cated airspace. It is

precise distance measurements to the ground but increase
system cost and weight. In contrast to this, our approach
assumes that drones are equipped with a wireless transceiver
that connects them to a cellular network. The technique
exploits radio signals that drones receive from base stations
and interprets the reference signal received power (RSRP)
using a2 machine learning model. RSRP is the average received
f signals transmitted by a base station and is commonly
or cell selection, handover decisions, and coverage

arios. It can thus provide
cing the resilience and integrity o

The contribution

o A simulation fra
mation using

proach that exploits RSRP
s to estimate drone height.
several regression models for height
ulated drone flight data.

training of the learning model, and refinement of the estima-
tion via a filter. Section VI presents a performance analysis and
compares it against GNSS. Finally, Section VII concludes.

II. RELATED WORK

Our work exploits environmental signals that were not
originally intended for positioning [7]-[10]. These ‘“signals
of opportunity” serve as a means to achieve assured PNT.
Obtaining the distance to aerial vehicles using radio signals
has been explored via different methods. Some exploit the time
difference of arrival, where achievable bounds are known [11].
The vertical error of using downlink positioning reference
signals was identified as one of the main drawbacks, obtaining
vertical errors between 10 and 60 m in median, and between 40
and 160 m in worst-case scenarios [12]. Other methods, such
as ours, rely on data-driven approaches. Drone positioning



can be formulated as an optimization problem using Received
Signal Strength Indicator (RSSI) measurements from 5G base
stations [13], but typically there is no distinction between
vertical and horizontal errors, which might be critical. Some
work took a hybrid approach but focused on planar position-
ing [14]. These results indicate that accurate height estimation
remains an open challenge. Building on our work on drone
classification [15], we aim to fill this gap by developing a
data-driven height estimation algorithm, whose errors remain
within reasonable bounds, serving as a complement to GNSS-
based solutions.

III. RADIO LINK PHENOMENA FOR DRONES

The radio link between aerial drones and base stations
differs significantly from terrestrial radio links. Two aspects
are particularly relevant in this work: the connection of drones
via antenna sidelobes and the presence of line-of-sight 1i
to multiple base stations at elevated heights. These hei
dependent link variations create RSRP patterns that cai
exploited by machine learning for height estimation.

A. Drones are Connected via Base Station Sidelobes

The primary objective of most cellular deploym
maximize coverage and performance for ground
minimizing interference. The antennas of the
mechanical or electrical downtilt or beamfo
main lobe of the radiation pattern tow.
a drone ascends from the ground

nd level, resulting
ding drone leaves

to a void. This non-monotonicity is one of the main arte
we exploit to develop a machine learning modif
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Fig. 1: Antenna: Vertical cut of the gain pattern (in dB) used
for the data acquisition based on [19]

B. Drones have Line-of-Sight Links to Multiple Base Stations

The 3GPP standard TR 36.777 [20] defines air-to-ground
channel models for aerial vehicles, in which a key parameter
is the height-dependent line-of-sight (LoS) probability. This
probability approaches 100 % once a drone reaches a certain
height. While such strong LoS links were initially considered
beneficial, they also lead to strong inter-cell interference [21]—
[23]: A high-flying drone has LoS to several distant base
stations, which transmit on the same time-frequency chan-
nels. As a consequence, the drone receives strong signals
from interfering cells, degrading the Signal-to-Interference-
plus-Noise Ratio (SINR). Although the regression target here
is RSRP (signal power), the presence of high interference
affects the detection threshold of neighboring cells, altering
the composition of the feature vector used for training.

YSTEM MODEL AND SIMULATION ENVIRONMENT

The simulation is
size 1km? around
Figure 2). Buildi

a suburban region of
genfurt, Austria (see
sing footprints from
mly assigned between 10

g half are aerial UEs, evenly split into
sers (30-100 m) and high-altitude aerial

¢ same way as those on masts.

C. Path Loss Model

The default path loss model in the simulator is meant
for users below 22.5m height [19]. We thus implement an
extension following 3GPP recommendations to accommodate
aerial users, both for line of sight (LoS) and non-line of sight
(non-LoS) conditions [20]:

PLios = 28 + 22log d + 20 log f.

407 f,.
PLon-Los = (46 — 7log z) log d + 20 log m/

- 175,

where d is the distance between drone and base station in
meters, f. is the carrier frequency in GHz, and z is the flight
height above ground in meters. Both path loss equations are
valid for 22.5 m < z < 300 m.
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D. Base Station Antennas

The base stations employ a three-sector antenna,
ation pattern is modeled using analytical expressi
from 3GPP specifications [19], given in Tablg, I.

TABLE I: Radiation Power Patte

Pattern type Expression

Vertical cut Al (0, 4

o " _
Horizontal cut Al (9 =

3D pattern A (87,9") = (0"”,¢"=0°)+
dB (9// =90°, d)”))’ Amax}
Parameters 034p = 65°, SLAy = 30dB, 0" € [0°,180°]

$3ap = 65°, Amax = 30dB, ¢’ € [—180°,180°]

lobe is configured with an elevation o
with 6345 and ¢3gp set to 25 degrees. To late the shadow
effect behind the base stations, the maximu enuation is set
to —90 dB. The two sidelobes are located above the main lobe
at relative elevation offsets of —35 and —70 degrees. For these
sidelobes, the 3 dB angles are scaled by factors of 0.5 and 0.3,
and their gain levels are attenuated by 5 and 7 dB, respectively.

With the default settings of maximum attenuation set to
—20dB, a UE directly behind an antenna still received a very
strong signal. This was fixed by increasing it to —90 dB, which
at least pushes the antennas facing away from the UE below

degrees (downtilt),

used to obtain
values that are similar to those”fr ur real-world

ment campaign carried o

ble II. They are simila
match empirical datayfro

T.
Parameter Value
2 GHz
20 MHz
blocks 50
nterval (TTI) 1 ms

UMa TR36777 [20]
Campus Univ. Klagenfurt

1.5 km?
400
power 23 dBm
ber of antenna elements 16 (4x4)
ase station transmission power 40 dBm

Ground user positions Random uniform distribution

V. HEIGHT ESTIMATION ALGORITHM

The proposed height estimation approach is illustrated in
Figure 3. The process consists of two phases: training and
deployment. During the training phase, a simulation scenario
is used to generate a large set of RSRP values, from which a
height estimation model is derived. In the deployment phase,
this model provides an initial estimate 2* of the drone height z.
This estimate is subsequently refined using a Kalman filter to
obtain the final height estimate 2.

A. Machine Learning Model

We simulate a 5G-connected drone that follows a predefined
flight path and records RSRP values from the serving cell and
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Fig. 3: System model for the estimation workflow, fragmented into the training of the model and its intended deployment

all detectable neighboring cells during its flight. This generates
a height-labeled dataset with 6.4 million RSRP samples fr
40 three-sector cells with 53,410 values per sector.
MATLAB’s Statistics and Machine Learning Toolbox,
partition the data into training and validation sets (80 %/20
A cross-validation framework is used to benchmark sev
regressors, including trained k-nearest neighbors, linea

tree methods, and neural networks.
To assess generalization and prevent ove,

the root mean square
actual heights.

B. Navigation Model

To evaluate whether the trained del is suitable for drone
navigation, we compare its inference with simple GNSS sensor
measurements. For that purpose, we use a navigation mo
a state-space representation of how the drone moves
time. The navigation architecture incorporates th

noise, informing the system of how trust to place in
the radio-based height reading. Let us oufline the model used
to validate the navigation enhancement basedhon radio-based

height readings. The full approach is given in” Algorithm 1.
The vertical dynamics of the drone is modeled using a
simple discrete-time linear state-space representation. The
state vector xy at time step k consists of height and vertical
velocity and evolves with step size At according to the state
transition equation x; = A xj_; with state transition matrix
Ao [ 1 At } '

0 1

Algorithm 1: Drone Sensor Fusion: ML Estimation

alman Filtering

Slmulatlon Scenario S, ML Models M, System
s AJH, QR

e Simulation is Running
Step simulation &

Acquire noisygGNSS
Acquire RSRP"signals.
Zj < {Zgnss’ m
Append zy,

end

*/
*/
*/
ompute Kalman Gain:
K, + P, H (HP,H" +R)"! with H=[1 0]
Update State: X, < X, + Ky (z, — HX,)
Update Covariance: Py, < (I - K, H)P,

17 end

18 return Filtered State X = {%X;,..., %7}

Prediction phase: This system model is used to predict
the state and error covariance matrix (lines 11 and 12 in
Algorithm 1), where these predictions are denoted as X,
and P, , respectively. The process noise is assumed to be
negligible. The error covariance matrix is initialized by

0.5 0
PO_[ 0 0.7]



Correction phase: The Kalman gain K is computed
from the prediction error covariance matrix P, , measurement
matrix H, and measurement error covariance matrix R. The

is a good starting point for navigation, fulfilling positioning
requirements in the order of several decimeters.

: _ 2 _ _
latter dgpends on the techn(?logy used and is R = OGNss = 1200 Estimation by Ensemble Trae
2.25 m* for GNSS. The navigation model observes the height 110+ True value
estimate from the trained model’s output or from the GNSS 100 S —
sensor. This measurement is used to update both state and o0l RMGE = 1.32m
covariance (lines 15 and 16 in Algorithm 1). ol L
Output: After all iterations, we obtain a series of state £ 70l RMSE = 1.0 m
estimates Xj,...,Xp, where each value contains a height £ sol
estimation Zj. k)
L 50
V1. PERFORMANCE EVALUATION A0 e et st e,
30L RMSE =1.30 m
A. Choice of Learning Algorithm
20+
To identify a machine learning (ML) algorithm suitable 0
for height estimation, we test several standard algorith ‘
and compare their performance. Two flight types are us 0 100 200 300 400 500 600 700
Time in ms

vertical ascent from the ground to 250 m and a series of ¢
flights at different heights (including ascent and descent).
Figure 4 shows the results for the vertical ascent, compari

not perform well across the entire flight pa
of 72.5 m, mainly due to the non-linear
signal. The additive model perfo i

Other “algorithms
ral network, and

model as our primary learning mo

ensemble decision
with GNSS-based heig

ing a cruise flight at
again, resulting in a total
sensor is implemented in
vigation Toolbox.

imation errors over time: the raw
given time (blue curve) and the Kalman
(red curve) for both RSRP-based infer-

2507 S P s the temporal dynamics and reduces errors
------ stimation by Ensemble Tree L . K
2251 Estimation by Generalized Linear Regression the drone transitions above building heights.
200 == Estimation by Generalized Addiive Model ding phases exhibit a higher error variance
175
g 150 o .
= 125 TABLE III: Height estimation error (values in meters).
<
(o))
2100 Error
I N
75 Scenario  Method Median RMSE 95% 99%
50 ‘ RSRP-based  1.18 145 244 312
25 (@) Ascent Ngs 040 056 119 167
o2 | | | | (b) Cruise RSRP-based 0.25 0.94 2.01 2.93
0 500 1000 1500 2000 GNSS 0.34 0.75 1.89 1.97
Time in ms

Fig. 4: Height estimation for an ascending drone using three The overall
algorithms: ensemble decision tree, generalized linear regres-

sion, and generalized additive model

error statistics are given in Table III and

Figure 7. For the ascending drone, the median error is 1.18 m
(RSRP) and 0.4 m (GNSS), and 95 % of all estimates have

an error below 2.44 m (RSRP) and 1.19 m (GNSS). For the

To verify this choice, Figure 5 shows the performance of the
ensemble decision tree for cruise flights at 40, 80, and 100 m.
The inferred RMSE remains between 1.0 and 1.3 m, which

cruise flight, both median errors are an order of magnitude
lower, namely at 0.17 m (RSRP) and 0.25 m (GNSS), and
the 95 % error quantiles now are very similar, namely 2.01 m
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