978-88-31299-09-1/24/$31.00 ©2024 IEEE

Generation of electromagnetic exposure maps for
5G communications

Esteban Egea-Lopez*, Mohammed Mallikf, Laurent Claviert, Davy P. Gaillot'
*Universidad Politecnica de Cartagena (UPCT), Cartagena, Spain, esteban.egea@upct.es
TUniv. Lille, CNRS, UMR 8520-IEMN, F-59000 Lille, France, {mohammed.mallik.etu,davy,gaillot}@univ-lille.fr
HIMT Nord Europe, 59650 Villeneuve-d’ Ascq, France, laurent.clavier @imt-nord-europe.fr

Abstract—Monitoring human exposure to electro magnetic
field sources is a growing concern. An approach for the evaluation
of exposure is the generation of radio-frequency electro-magnetic
fields (RF EMF) exposure maps via simulation, which is complex
due to the need to simulate the multiple sources involved. As
an alternative, it has been explored the automatic generation of
EMF exposure maps by machine learning (ML) methods using
as input the measurements from sensors located in the area of
interest. These methods, due to the scarcity of measurements,
still require simulation for generating the dataset for training the
algorithms. In this paper we describe how to generate exposure
maps for 5G networks with our ray-tracing tool Opal, to generate
a large number of EMF maps that can be used to train ML
algorithms. We describe how we generate them without the need
to execute demanding higher level simulations whose details are
not necessary.

Index Terms—antennas, electromagnetics, propagation, mea-
surements.

I. INTRODUCTION

In urban environments, there are many sources of EMF,
including WiFi, 2G, 3G, 4G, and 5G mobile communication
technologies. Monitoring the human exposure to those sources,
in particular radio-frequency electromagnetic field (RF EMF)
exposure, is a growing concern [1]. This concern is greater
for 5G cellular networks because the frequency used is higher
than for other mobile communication generations, its ultra-
dense base station deployment associated, and the higher gain
of the generated beams toward the users. Several organiza-
tions, such as the International Commission on Non-Ionizing
Radiation Protection (ICNIRP), have conducted research on
human exposure standards for EMFs, as mobile devices and
base stations emitting EMFs for radio communication must
comply with regulatory human exposure levels for EMFs [2],
[3].

An approach for the evaluation of exposure is the generation
of RF EMF exposure maps via simulation, which is complex
due to the need to jointly simulate the multiple sources in-
volved. As an alternative, in the last years, it has been explored
the automatic generation of EMF exposure maps by machine
learning (ML) methods using as input the measurements from
sensors located in the area of interest [4]. These methods
are promising but, due to the scarcity of measurements, still
require simulation for generating the datasets to train the
ML algorithms. The simulation of RF EMF is usually done
with empirical/semi-empirical models and sometimes with

ray-tracing (RT) techniques [5]. RT techniques provide high
accuracy but require accurate tridimensional (3D) environment
models and high computational capabilities. In addition, there
are few freely available RT simulators and none of them
is integrated with the main open source 5G simulators 5G-
LENA [6] for ns-3 and Simu5G [7] for OMNET++. Moreover,
their implementation makes it difficult to obtain just EMF
measurements in spatial points where there are no actual
user devices, as required for exposure maps, and lack models
of key features such as beamforming or antenna radiation
patterns. Finally, even when those features are present, it is
not straightforward to combine generated data for different
technologies, without developing specific modules or post-
processing results.

To cover this gap, in this paper we describe how to generate
exposure maps for 5G networks with our RT tool Opal [8].
Our goal is to generate a large number of EMF maps that
can be used to train ML algorithms as described in [4]. In
that paper we already used Opal for that task but did not
include 5G specific details. Here we describe how we generate
them without the need to execute demanding higher level
simulations whose details are not necessary for our purpose.

II. GENERATION OF EMF EXPOSURE MAPS
A. Software and scenario

Opal is part of the Veneris' open source framework, made of
three components: the Veneris framework, the Opal simulator
and a set of OMNET++ modules to integrate them with
the network simulator. Veneris and Opal overcome the main
limitations of RT techniques, that is generation of 3D models
and high computational power, by generating automatically
the scenarios and executing the tracing on GPUs respectively.
Veneris implements a physically realistic microscopic traffic
simulation in an interactive 3D environment, using the Unity
game engine. In this work, it has been used to automatically
generate the 3D environment used by the Opal RT simulator
using OpenStreetMap (OSM), just by selecting the interest
area on the map. Opal uses the shooting and bouncing (SBR)
rays method for RT and computes single-order diffraction.

We have generated a 2 km? area of Wazemmes in the city
of Lille (France), shown in Fig. 1, comprised of 8135 3D
meshes (each building is made of one or more meshes) and

Thttp://pcacribia.upct.es/
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Fig. 2. Radiation pattern for one base station beam, normalized to 0 dB. The
maximum gain of the lobe is 23.71 dB. Each BS sector is covered by 7 of
these beams, each one shifted 30 degrees from the other.

more than 138 000 diffracting edges (associated to vertical
and horizontal building edges, both in the outer and inner
perimeter). We have placed a grid of measuring points at 2
m from the floor, covering all the area. After removing the
points inside buildings, 3530 points remain. In addition, we
have added as measuring points the locations of 50 sensors
which provide real EMF measurements, in total 3580 points.

B. Base station data

We have used this area because of its dense deployment
of base stations (BS) for different cellular technologies (2G,
3G, 4G and 5G). Data for those BS have been obtained from
CartoRadio?. For this studio we have only selected the 5G base
stations from the Orange operator. Each BS generally consists
of 3 antennas, following the usual pattern of 120 degrees
sectors. Each BS sector is covered by 7 antenna beams, each
one spanning 15 degrees. One of the beams is shown in Fig. 2,
a 120 degree BS sector is covered by using 7 of those beams,
each consecutive one shifted 30 degrees in azimuth from the
other. For instance, if beam 0 points to 0 degree azimuth, beam
1 and 2 points to -30 and 30 degree azimuth respectively, and
so on. We have collected data for the 7 Orange BS in the

2https://www.cartoradio.fr

area of interest, including their range of frequencies and the
azimuth orientation of the main beam of each sector.

C. Simulation and generation of maps

Once we have the data, our procedure is based on the fact
that the total exposure |E| at a point receiving N signals at
different frequencies is computed as

N
Bl = | D_IER. (1)
f

where |E|y is the magnitude of the electric field at the point
for the frequency f. Since 5G uses FDD, that would be the
exposure at a point and time instant for a basestation transmit-
ting for NV users simultaneously. Since exposure is additive, it
can be computed independently also for different technologies.
Therefore, our approach is to simulate independently the
received field for each frequency and combine the results to
get the desired traffic pattern. That is, to get the results of
a peak hour we can combine the results from 90 different
frequencies representing 90 users served by a given basestation
simultaneously, whereas to obtain the map for night hours we
can combine the results of, say, 10 frequencies (users). Of
course, we can combine the results for multiple basestations.
This procedure has several advantages: first, effective training
of ML algorithms require a large amount of data and we
can generate a very large number of different exposure maps
simply by combining our results to feed those algorithms.
Second, we can add to the exposure any other EMF source,
such as WiFi, just by simulating with the corresponding
frequency. Third, even though this can be achieved with
conventional simulators, we avoid the computational burden
and time consumption of simulating the complete system.

This procedure must be refined by incorporating the tempo-
ral traffic pattern. That is, real EMF exposure sensors typically
integrate the energy during a time interval of 6 minutes. To
reproduce the sensor measurements we have to integrate the
exposure data for the correct number of active users and
basestations. These data can be obtained from conventional
simulations, but it has been left as future work.

To run the simulations we have developed a C++ program
that uses the functions of the Opal library. The program
loads the scenario, BS data, receiving point locations and the
radiation pattern of each beam. For each BS sector and beam
it simulates 90 different frequencies separated 100 MHz, from
the frequency range of the BS. The antenna pattern is oriented
previously to match de azimuth of BS sector.

At each RT launch, Opal simultaneously computes the
received field at each of the 3580 points. For each BS and
beam, a CSV with the |E,|, |E,| and |E.| at each point and
frequency is generated.

IIT. RESULTS

Opal is configured to compute reflections and single diffrac-
tion, with a maximum of 10 reflections. The receiver sphere
for the receiving points is set to 2 m. Transmit power at the BS
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Fig. 3. Exposure maps for main beam of BS 12 with 90 and 1 user and its
difference. BS position shown with red marker.
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Fig. 4. Exposure maps for main beam of sectors 30 and 150 of BS 12 and
its difference. BS position shown with red marker.

has been set to 1 W. Note that it is not realistic, but it does not
affect the following results, whose magnitude is not relevant
and can be just increased with the offset corresponding to
the real power used. A total of 7 x 3 x 7 x 90 = 13230 RT
launches are executed for this scenario, corresponding to 7 BS,
3 sectors per BS, 7 beams per sector and 90 frequencies. It
has been simulated on our server with intel 19 processor, 128
GB RAM and one GeForce RTX 4090 24 GB GPU. Each RT
launch takes around 2 s, that is, 20 minutes per BS or 7 hours
in total. From the CSV files with the results, a python script
computes the exposure from eq. (1) and generate the exposure
maps. As examples, Fig. 3 shows the exposure map for the
main beam of a BS with 90 active users and 1 active user,
respectively. To better distinguish the results, we also plot the
difference of exposure between the two cases in Fig 3c. In
both cases the transmit power used is the same for all the
users. We see then that the main difference is clearly oriented
along the main beam, which is itself oriented 30 degrees of
azimuth (0 degrees is north) in the map.

In Fig. 4 we show the exposures maps for the sector at 30
degrees and 150 degrees of the previous BS with 90 users
in both cases. Now, the number of users is equal but the
difference is clearly higher in the main beam of sector at 30
degrees. Actually, it shows the effect of the avenue, which is
oriented along the same azimuth of the beam O of sector at
30 degrees, as shown in Fig. 4d.

IV. CONCLUSION

We have described our procedure to generate exposure maps
in 5G networks, using ray tracing with the Opal simulator. This
procedure allows the generation of a large number of exposure
maps that can be used for training of ML algorithms for
automatic generation of exposure maps without the need for
simulating the complete high-level system with conventional
network simulators. As a future work this procedure can be
further refined by incorporating the temporal traffic patterns
obtained from network simulations.
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