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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 flight
scenarios, the estimation error is below 2.5 meters during 95 %
of the time. Although the method does not outperform GNSS,
it illustrates that cellular connectivity of drones can provide a
complementary source of height information.

Index Terms—UAV, 5G, height estimation, RSRP, ML, PNT

I. INTRODUCTION

Positioning, navigation, and timing (PNT) are fundamental
functions for drone operations and are typically provided by
Global Navigation Satellite Systems (GNSS). However, GNSS
signals are vulnerable to blockage, jamming, and spoofing, and
many countries depend on foreign satellites, raising concerns
about technological sovereignty and resilience. Consequently,
GNSS represents a potential point of failure for aerial op-
erations. To ensure resilient drone operation, complementary
positioning solutions are required to maintain navigation ca-
pabilities during periods of GNSS degradation or denial.

There are several non-GNSS PNT techniques, encom-
passing radio, magnetic, acoustic, and ultrasonic-based sys-
tems [1]. Radio-based techniques are well-investigated, using
approaches like time difference, angle of arrival, and received
signal strength. Researchers have used round-trip timing [2],
signals of opportunity [3], and RF fingerprinting and recon-
figurable intelligent surfaces [4], [5]. A critical limitation still
persists: most methods are designed primarily for ground
users, yielding mainly two-dimensional positioning. With the
deployment of drones, such planar localization becomes insuf-
ficient and calls for height estimation techniques to consider
the vertical dimension. Height estimation can enable safer
integration of aerial devices into non-segregated airspace. It is
useful for a wide range of tasks, including autonomous 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

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 a machine learning model. RSRP is the average received
power of signals transmitted by a base station and is commonly
used for cell selection, handover decisions, and coverage
optimization. Our technique analyzes the characteristics of
RSRP to infer height, achieving meter-level accuracy in the
evaluated scenarios. It can thus provide redundancy to GNSS,
enhancing the resilience and integrity of drone missions. The
approach could also be used by network operators to detect and
classify drones and other aerial users based on their altitude
to support network management.

The contributions can be summarized as follows:
• A simulation framework for analyzing drone height esti-

mation using 5G signals and real base station positions.
• A machine-learning-based approach that exploits RSRP

data from multiple base stations to estimate drone height.
• An evaluation of several regression models for height

estimation using simulated drone flight data.
• Simulation results showing that meter-level height esti-

mation can be achieved in the evaluated scenarios, where
the error is below 2.5 m during 95 % of the time.

This paper is organized as follows: Section II addresses
related work. Section III characterizes the physical propa-
gation environment of cellular-connected drones. Section IV
describes the system model and simulation environment. Sec-
tion V presents the methodology, addressing data acquisition,
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
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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 links
to multiple base stations at elevated heights. These height-
dependent link variations create RSRP patterns that can be
exploited by machine learning for height estimation.

A. Drones are Connected via Base Station Sidelobes

The primary objective of most cellular deployments is to
maximize coverage and performance for ground users while
minimizing interference. The antennas of the base stations use
mechanical or electrical downtilt or beamforming to direct the
main lobe of the radiation pattern toward the ground. When
a drone ascends from the ground to a certain height, it leaves
the main lobe and moves into sidelobe and void regions of the
pattern, suffering from degraded link quality [16]–[18].

An example antenna pattern is shown in Figure 1. The main
lobe dominates at low heights near the ground level, resulting
in strong and stable RSRP values. An ascending drone leaves
the main lobe and enters the lowest sidelobe. At higher heights,
the ascending drone experiences a changing pattern consisting
of upper sidelobes and voids. At these heights, a vertical
displacement of merely a few meters can result in a signal
variation of 15–20 dB as the drone moves from a local peak
to a void. This non-monotonicity is one of the main artefacts
we exploit to develop a machine learning model.
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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.

IV. SYSTEM MODEL AND SIMULATION ENVIRONMENT

A. Simulator

The Vienna 5G System Level Simulator, which is part of
the Vienna Cellular Communications Simulators (VCCS) de-
veloped by TU Wien [24], is employed for network simulation.
Some modifications and extensions are made to account for
the specifics of aerial users. These changes are similar to those
in our previous papers [6], [15], [25].

B. Simulated Environment: Buildings, Users, Base Stations

The simulation is conducted for a suburban region of
size 1 km2 around the University of Klagenfurt, Austria (see
Figure 2). Buildings are generated using footprints from
OpenStreetMap, with heights randomly assigned between 10
and 25 m. Within the simulated region, 400 user equipments
(UEs) are deployed per simulation run. Half of the UEs are
ground users with heights uniformly distributed between 0 and
30 m. The remaining half are aerial UEs, evenly split into
low-altitude aerial users (30–100 m) and high-altitude aerial
users (100–250 m). All UEs are randomly distributed, where
ground users are placed only outside buildings. The real-world
locations of the base stations are taken from the database
Senderkataster [26]. Antennas are located at a height of 30 m
above ground; antennas mounted on buildings are handled in
the 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]:

PLLoS = 28 + 22 log d+ 20 log fc

PLnon-LoS = (46− 7 log z) log d+ 20 log
40πfc

3
− 17.5 ,

where d is the distance between drone and base station in
meters, fc 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.



Dra
ft 

Pre
prin

t
Fig. 2: Snapshot of the simulated area with buildings, base stations, ground devices, and aerial devices

D. Base Station Antennas

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

TABLE I: Radiation Power Pattern as per [19]

Pattern type Expression

Vertical cut A′′
dB (θ′′, ϕ′′ = 0◦) = −min

{
12

(
θ′′−90◦

θ3dB

)2
, SLAV

}
Horizontal cut A′′

dB

(
θ = 90◦′′, ϕ′′) = −min

{
12

(
ϕ′′

ϕ3dB

)2
, Amax

}
3D pattern A′′

dB(θ
′′, ϕ′′) = −min

{
− (A′′

dB (θ′′, ϕ′′=0◦)+

A′′
dB (θ′′=90◦, ϕ′′)), Amax

}
Parameters θ3dB = 65◦, SLAV = 30 dB, θ′′ ∈ [0◦, 180◦]

ϕ3dB = 65◦, Amax = 30 dB, ϕ′′ ∈ [−180◦, 180◦]

We adapt the model to simulate a main lobe and two side-
lobes. To implement the sidelobes, the standard expressions
are modified. The half-power beamwidth, θ3dB and ϕ3dB are
scaled to reduce the size relative to the main beam. θ and ϕ
are shifted to define the sidelobe orientation relative to the
main lobe. The total gain, A′′

dB, is reduced by a sidelobe level
to decrease the intensity relative to the main lobe. The main
lobe is configured with an elevation of 20 degrees (downtilt),
with θ3dB and ϕ3dB set to 25 degrees. To simulate the shadow
effect behind the base stations, the maximum attenuation 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
−20 dB, 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

the −120 dBm threshold. These settings are used to obtain
RSRP values that are similar to those from our real-world
measurement campaign carried out in the same area [27].

E. Simulation Parameters

The system-level simulation parameters are given in Ta-
ble II. They are similar to our previous papers [15], [25] and
match empirical data from our measurements [27].

TABLE II: System-level Parameters

Parameter Value

Frequency 2 GHz
Bandwidth 20 MHz
Number of resource blocks 50
Transmission time interval (TTI) 1 ms

Pathloss UMa TR36777 [20]
Geometry Campus Univ. Klagenfurt
Area 1.5 km2

Number of users 400
User transmission power 23 dBm
Number of antenna elements 16 (4×4)
Base 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 ẑ∗ of the drone height z.
This estimate is subsequently refined using a Kalman filter to
obtain the final height estimate ẑ.

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 from
40 three-sector cells with 53,410 values per sector. With
MATLAB’s Statistics and Machine Learning Toolbox, we
partition the data into training and validation sets (80 %/20 %).
A cross-validation framework is used to benchmark several
regressors, including trained k-nearest neighbors, linear regres-
sions, single decision trees, support vector machines, ensemble
tree methods, and neural networks.

To assess generalization and prevent overfitting, we eval-
uate the models against an independent test set. It consists
of the previous simulation scenario with the same number
of users and characteristics, but recording the RSRP of a
drone over different flight paths. This drone follows different
flight profiles. The estimation performance is assessed using
the root mean square error (RMSE) between predicted and
actual heights.

B. Navigation Model

To evaluate whether the trained model is suitable for drone
navigation, we compare its inference with simple GNSS sensor
measurements. For that purpose, we use a navigation model:
a state-space representation of how the drone moves over
time. The navigation architecture incorporates the trained
machine learning model to refine the measurement. At each
time step, as the drone traverses the 5G coverage area, the
height estimation model trained on the data processes the
instantaneous vector of RSRP values to generate a raw height
prediction. This prediction is paired with the corresponding
RMSE. This RMSE serves as a quantifier of the observation
noise, informing the system of how much trust to place in
the radio-based height reading. Let us outline the model used
to validate the navigation enhancement based on 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 xk at time step k consists of height and vertical
velocity and evolves with step size ∆t according to the state
transition equation xk = Axk−1 with state transition matrix

A =

[
1 ∆t
0 1

]
.

Algorithm 1: Drone Sensor Fusion: ML Estimation
and Kalman Filtering
Data: Simulation Scenario S, ML Models M, System

Matrices A,H,Q,R
Result: Estimated Height ẑ

/* GNSS data and Height Inference */
1 Initialize dataset D ← ∅
2 while Simulation is Running do
3 Step simulation S
4 Acquire noisy GNSS measurement zgnss
5 Acquire RSRP signals. Predict height ẑml using M
6 zk ← {ẑ∗gnss, ẑ∗ml}
7 Append zk to D
8 end

/* State Estimation */
9 Initialize state estimate x̂0 and covariance P0

10 for k ← 1 to T do
/* Prediction Phase */

11 x̂−
k ← Ax̂k−1

12 P−
k ← APk−1A

⊤

/* Correction Phase */
13 Retrieve measurement zk from D (GNSS or

ML-Height)
14 Compute Kalman Gain:

Kk ← P−
k H

⊤(HP−
k H

⊤ +R)−1 with H = [1 0]
15 Update State: x̂k ← x̂−

k +Kk(zk −Hx̂−
k )

16 Update Covariance: Pk ← (I−KkH)P−
k

17 end
18 return Filtered State X̂ = {x̂1, . . . , x̂T }

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 x̂−

k

and P−
k , respectively. The process noise is assumed to be

negligible. The error covariance matrix is initialized by

P0 =

[
0.5 0
0 0.7

]
.
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Correction phase: The Kalman gain Kk is computed
from the prediction error covariance matrix P−

k , measurement
matrix H, and measurement error covariance matrix R. The
latter depends on the technology used and is R = σ2

GNSS =
2.25 m2 for GNSS. The navigation model observes the height
estimate from the trained model’s output or from the GNSS
sensor. This measurement is used to update both state and
covariance (lines 15 and 16 in Algorithm 1).

Output: After all iterations, we obtain a series of state
estimates x̂1, . . . , x̂T , where each value contains a height
estimation ẑk.

VI. PERFORMANCE EVALUATION

A. Choice of Learning Algorithm

To identify a machine learning (ML) algorithm suitable
for height estimation, we test several standard algorithms
and compare their performance. Two flight types are used: a
vertical ascent from the ground to 250 m and a series of cruise
flights at different heights (including ascent and descent).

Figure 4 shows the results for the vertical ascent, comparing
the height inference of an ensemble decision tree, a gener-
alized linear regression, and a generalized additive model.
The ensemble decision tree captures the flight path with a
reasonable RMSE of 1.6 m. The linear regression model does
not perform well across the entire flight path, with an RMSE
of 72.5 m, mainly due to the non-linear nature of the received
signal. The additive model performs similar to the ensemble
decision tree most of the time but does not capture the pathloss
change when the drone crosses the height of buildings at 25
meters, resulting in an RMSE of 5.5 m. Other algorithms
like k-nearest neighbors, fully-connected neural network, and
support vector machine were tested as well but performed
poorly. Hence, our choice is to use the ensemble decision tree
model as our primary learning model.
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Fig. 4: Height estimation for an ascending drone using three
algorithms: ensemble decision tree, generalized linear regres-
sion, and generalized additive model

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

is a good starting point for navigation, fulfilling positioning
requirements in the order of several decimeters.
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Fig. 5: Height estimation for a drone performing cruise flights
at three different heights using ensemble decision tree

B. Performance Comparison with GNSS

The proposed height estimation technique based on an
ensemble decision tree is now further evaluated and compared
with GNSS-based height estimation. Two scenarios are simu-
lated: (a) a drone performing a vertical ascent over 20 s and
(b) a drone ascending to 80 m, performing a cruise flight at
this height, and then descending again, resulting in a total
flight duration of 200 s. The GNSS sensor is implemented in
MATLAB using the Navigation Toolbox.

Figure 6 shows the estimation errors over time: the raw
estimation error at a given time (blue curve) and the Kalman
filter-smoothed error (red curve) for both RSRP-based infer-
ence (top plots) and GNSS (bottom plots). As can be seen,
the filter smooths the temporal dynamics and reduces errors
that occur when the drone transitions above building heights.
The ascent and landing phases exhibit a higher error variance
than the cruise phase.

TABLE III: Height estimation error (values in meters).

Scenario Method Error
Median RMSE 95 % 99 %

(a) Ascent RSRP-based 1.18 1.45 2.44 3.12
GNSS 0.40 0.56 1.19 1.67

(b) Cruise RSRP-based 0.25 0.94 2.01 2.93
GNSS 0.34 0.75 1.89 1.97

The overall 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
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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(a) Drone ascending from the ground to 250 m

Time in s

E
rr

o
r 

in
 m

-10

-5

0

5

10

Error from RSRP inference

Kalman filter estimation

0 50 100 150 200
-10

-5

0

5

10

Error from GNSS measurement

Kalman filter estimation

(b) Drone on a cruise flight at 80 m

Fig. 6: Height estimation error using RSRP data and GNSS.
Raw estimation errors (blue curves) and Kalman filter-
smoothed estimation errors (red curves).
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Fig. 7: Empirical complementary cumulative distribution
function (ECCDF) of the height estimation error using RSRP
data and GNSS with Kalman filter correction

(RSRP) and 1.89 m (GNSS). This behavior is also visible in
the empirical complementary cumulative distribution function
(ECCDF) of the height estimation error given in Figure 7.
Each ECCDF curve shows the fraction of height estimations
with an error greater than the value on the horizontal axis.

In summary, although the use of GNSS for height estimation
remains superior, the RSRP-based technique performs rela-
tively well and its errors remain within acceptable bounds.

VII. CONCLUSIONS AND OUTLOOK

This paper proposed and evaluated a learning-based height
estimation technique for drones using signals from cellular
networks. Results based on simulated RSRP data indicate that
an estimation accuracy of between one and two meters can
be achieved. The proposed approach can complement existing
GNSS-based solutions and enhance the resilience of height
estimation in GNSS-challenged environments [2].

The next step is to validate the proposed height estimation
technique through field experiments with drones in a real
5G network. Furthermore, the robustness of the approach

with respect to environmental conditions and antenna patterns
should be systematically investigated.
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