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1 Ghent University—imec-WAVES, Tech Lane Science Park 126, 9052 Ghent, Belgium
2 Center for Interdisciplinary Research and Innovation, Aristotle University of Thessaloniki, 57001 Thermi, Greece
3 Chaire C2M, LTCI, Télécom Paris, Institut Polytechnique de Paris, 91120 Palaiseau, France
4 Institute of Non-Ionizing Radiation (INIS), 1000 Ljubljana, Slovenia
∗ Authors to whom any correspondence should be addressed.

E-mail: david.plets@ugent.be and capos@physics.auth.gr

Keywords: EMF RF exposure, industrial environments, validation, industry 4.0, neural networks, modelling

Abstract
This study describes a neural network-based method for estimating exposure levels in industrial
environments, without requiring detailed technical inputs, allowing usage of the model by lay-
man people or by workers active in these areas. A pipeline based on Blender environments and
MATLAB ray-tracing simulations is created and after defining a set of 11 candidate input para-
meters for the model, more than 20 000 different wireless configurations are simulated, varying
the different environmental and wireless input parameters. A correlation analysis shows that main
inputs influencing the exposure levels in the industrial area are the transmit power of the antennas,
the density of clutter in the area, the density of transmitters in the area, and the height and location
of the transmitters. A multi-layer fully connected neural network regression model is developed
to predict median (E50) and 95th percentile (E95) exposure levels in industrial areas. Testing the
obtained model on an unseen dataset of environments with E50 values between 0 and 3.25 V m−1

and E95 values between 0 and 7 V m−1, demonstrates the good prediction performance of the
model: root-mean-square error values below 0.173 V m−1 and R2 values above 95% are obtained.
Subsequently, the model is validated with measurement data collected in three distinct realistic
industrial environments. The average absolute deviation of the model predictions with respect to
the measurements is limited to 20.4%. This novel and broadly accessible approach demonstrates
that it is possible to reliably estimate exposure levels in realistic environments without having to
rely on external experts or on dedicated complex software.

1. Introduction

The increased adoption of reliable wireless technologies in recent years, especially under the umbrella
of Industry 4.0 and 5.0 [Islam], has revolutionised industrial operations. In modern factories, smart
sensors, industrial Internet-of-Things devices, and autonomous systems increasingly rely on Wi-Fi, 5G,
and other radio-frequency (RF) communications [Artetxe] to enable real-time data exchange, predict-
ive maintenance, flexible automation, or human-centric wireless support applications such as augmen-
ted reality [Majid]. While these advances improve productivity and efficiency, they often require a dense
wireless infrastructure, raising important concerns about RF electromagnetic field (EMF) exposure in
indoor industrial environments, where workers may be persistently exposed to elevated field strengths. In
recent years, most exposure-assessment research has focused on residential or office environments; com-
prehensive studies addressing industrial scenarios remain relatively scarce. For instance, [Joseph] con-
ducted in-situ measurements across diverse environments, including industrial sites, observing median
exposure in industrial areas around 0.49 V m−1. A private standalone (SA) 5G network operating at
3.7 GHz in a real industrial environment was numerically modelled in [Gaǰsek] and compared with
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in-situ RF EMF measurements. More recent work highlights that confined industrial spaces—such as
tunnels, subways, or factory floors—present challenges in accurate exposure estimation due to reflec-
tions, metallic structures, and spatial heterogeneity [Ashraf]. Other efforts combine sensor networks
with spatial interpolation techniques (e.g. Kriging) to generate high-resolution exposure maps in com-
plex indoor environments [Jabeur]. Beyond classical measurement and interpolation approaches, the
use of machine learning and neural network approaches has emerged for estimating RF exposure from
small-size data sources. For instance, in [Wang], the authors used artificial neural networks to recon-
struct exposure maps in urban settings by leveraging sparse sensor data, drive-testing, and public base-
station databases. The work in [Zhang] uses a.o., building height maps, antenna radiation maps and
land cover maps as inputs to a deep learning scheme for exposure estimation. In [Mallik], a comparative
study was presented, using finite- and infinite-width convolutional neural networks to estimate realistic
EMF exposure from a network of low-density sensors. Kiouvrekis et al attempted to construct electric-
field maps of urban areas. They used explainable AI based on the calculation of SHAP values, revealing
that the total volume of buildings in the vicinity of antennas had a large influence on exposure levels
[Kiouvrekis].

Due to the growing interest in wireless industrial applications and increasing concerns among both
the general public and workers in industrial environments, research efforts are increasingly focused on
communicating exposure assessment results. However, such information is necessarily generalised and
provides limited insight into the actual RF exposure levels at the specific industrial sites. As shown in the
literature overview, current methods rely either on expensive in-situ measurement campaigns or on sim-
ulations using specialised electromagnetic modelling software with detailed input parameters [Hirata]. In
most cases, industrial site owners are not willing to commission measurement campaigns, nor do they
have the required information or expertise to perform site-specific simulations. Therefore, the goal of
this paper is to investigate to what extent a limited set of input parameters—understandable and readily
accessible to a layman user or employer—can be used to obtain a reliable estimate of the electric-field
strength in a given industrial environment. State-of-the-art numerical modelling and simulation tools
were used in conjunction with machine learning approaches. Trained and tested on a large number of
simulation scenarios and a selected set of experimental datasets, it provides a foundation for inform-
ing industrial workers on expected exposure levels, without requiring complex software simulations or
technical knowledge of the wireless setup. Specific contributions are the following (1) identification of
configuration parameters that have most predictive power for exposure levels in the area, (2) creation of
more than 20 000 wireless industrial environments that are used to train, validate, and test a neural net-
work model, (3) experimental validation of the created model on measurement datasets collected in dif-
ferent countries. The created datasets are made publicly available for the exposure research community
to add datasets, finetune the model or create new models.

2. Materials andmethods

This section will describe the approach that was followed to create and validate the generic model. First,
we select a list of candidate input parameters that are expected to relate to the exposure levels in the
area. Next, a large set of simulations of wireless configurations is conducted using a pipeline of Blender
[Blender] and MATLAB software. To find a good balance between calculation complexity and calculation
time, we determine optimal simulation settings. Based on first simulation results, we determined the cor-
relation values of the various input and output parameters. After retaining the input parameters with the
largest predictive power, we extended the exploration of the input parameter space and built, validated,
and tested a machine learning-based prediction model. Finally, we experimentally validated the obtained
model. Below, we elaborate on the different steps of the approach and their building blocks. Figure 1
shows a high-level overview of the flow graph for creating the generic model.

2.1. Model input and output parameters
First, we define candidate input parameters, as well as the output parameters. Note that we only consider
input variables that should be relatively easy for laymen to understand and obtain, without assuming
prior technical knowledge on antennas, propagation, or exposure. Each prediction instance is represented
by [X Y], with X the vector of input parameters and Y the vector of output parameters. Initially, X is
defined as a 11-dimensional vector (X1,X2,…,X11), and Y as a 2-dimensional vector (Y1,Y2). The input
parameters were the following:
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Figure 1. Flow graph for creating the generic model.

• X1 = Area: the total wirelessly covered evaluation area of the factory (in m2, real value ϵ]0,+ ∞ [)

• X2 = No_Tx: the number of transmit sources or base stations (BS) in the evaluation area (unitless,
integer value ϵ {1,2,3,…}).

• X3 = Den_Tx: the density of transmitters, defined as the number of square meters of area per
deployed transmitter, i.e. X1/X2 (m2, real value ϵ]0,+ ∞ [).

• X4 = Freq: the operation frequency used by the base stations (GHz, real value ϵ {3.5, 2.4, 5.0, …}).

• X5 = H_Tx: the height of the base station antennas above the ground level (m, real value ϵ]0,
+ ∞ [).

• X6 = P_Tx: the input power to the antennas of the base stations (dBW, real value ϵ] −∞,+ ∞ [).

• X7 = Type_Ant: the antenna type, either on the ceiling (i.e. omnidirectional, 2.15 dBi gain) or on the
wall (i.e. half-omnidirectional antenna covering a 180◦ sector, 4.53 dBi gain), internally converted to
the corresponding antenna gain (dBi, real value ϵ {2.15, 4.53, …}).

• X8 = Den_Clutter: the percentage of floor area covered by clutter/objects (real value real value ϵ
[0,1[).

• X9 = Mat_Clutter: the clutter material type that is dominant in the area (wood, metal, water, con-
crete) internally defined as the material’s coefficient of reflection (unitless, real value ϵ [0,1])

• X10 = Mat_Walls: the dominant outer wall material of the area (glass, metal, concrete, wood, brick,
drywall), internally defined as the material’s coefficient of reflection (unitless, real value ϵ [0,1])

• X11 = H_Ceiling: the height of the ceiling (m, real value ϵ]3, + ∞ [)

As output parameters, we assumed the following two parameters, allowing to assess the exposure distri-
bution in the area:

• Y1 = E50: the median electric field value over the considered area where no clutter is present.

• Y2 = E95: the maximal electric field value, defined as the 95th percentile E value over the considered
area where no clutter is present.

In an actual usage scenario, it might be advisable to translate the median and/or E95 value to a tex-
tual/descriptive formulation for the employer (negligible, low, high,…). We opted for median and
95th percentile E values as output instead of mean E values, as exceptionally high (simulated) E val-
ues close to the antennas could (wrongly) draw the mean E value to unrealistically high values. Note
that a constant base station height and transmit power is considered over all involved base stations.
Electric-field strength was preferred over individual dose metrics [El Habachi, Jiang], as the latter require
detailed information on body morphology, posture, and orientation, which is typically not available for
generic industrial scenarios. In addition, electric-field values can be directly compared to established
(inter)national exposure limits and guidelines, making them more suitable for practical assessment and
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Figure 2. Environments created with python script in Blender: (a) randomly positioned clutter, (b) regularly positioned clutter.

communication purposes. While individual dose metrics may provide more subject-specific information,
their estimation generally requires significantly more detailed modelling and input parameters, which
falls outside the scope of this work.

2.2. Simulations
To investigate the correlation between inputs and outputs and to eventually build the model, simulation
configurations were executed, exploring the input parameter space. These simulations were executed in
MATLAB, based on environments created in Blender. This section describes how this dataset was built.

2.2.1. Blender environment creation
Blender v4.4 was used to generate the 3D indoor environments. Blender allows the creation of detailed
geometric models and the assignment of material properties to individual objects, enabling an accur-
ate representation of the geometry and electromagnetic characteristics required for the simulations. The
environments were exported in glTF format, which can be imported directly into MATLAB, where the
electromagnetic simulations were performed.

Using Blender’s Python API, a Python script was developed to automatically create the indoor envir-
onments. Each indoor space’s length and width were randomly selected from a specified range, while
its height was chosen from a set of predefined values (see section 2.2.3 Simulation scenarios). Non-
overlapping clutter objects with a generic rectangular form were generated and positioned both at ran-
dom locations (see figure 2(a)) or in a typical aisle-like fashion to resemble typical industrial environ-
ments with racks (see figure 2(b)). The number and dimensions of the clutter objects that were gener-
ated were determined by the indoor space’s dimensions and were randomly set in a way that fulfilled the
requirement to create environments with a clutter density ranging from 0% to over 50%. Materials were
subsequently assigned to the clutter objects and the outer walls.

Each completed environment was defined by the dimensions and materials of its floor (X1), ceiling
(X11), outer walls (X10), and clutter objects (X8, X9). Along with the 3D model, a text file containing
the geometric characteristics of the environment (e.g. dimensions, clutter positions) was also produced.
This file was subsequently used to define parameters such as the number and placement of the base sta-
tions, and the positions of the receiver grid points in the electromagnetic simulations.

2.2.2. MATLAB electric-field calculation
For the electromagnetic simulations, a numerical tool was developed in MATLAB in which the wireless
configuration parameters were defined and dynamically adjusted to cover the full range of the model’s
input variables (see section 2.2.3 Simulation scenarios). The values for the number of base stations (X2)
and their frequency (X4), height (X5), transmit power (X6), and antenna type (X7) were set accord-
ingly. The density of sources (X3) was calculated from the size of the environment (X1) and the num-
ber of base stations (X2). The transmitter positions were dynamically assigned based on their number,
the environment’s dimensions, and the placement of clutter, to obtain realistic deployments. Finally, the
grid points at which the electric field was calculated were determined by the environment’s area and the

4
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Figure 3. (a) Environment with randomly positioned clutter and 3 base stations, (b) Environment with regularly positioned
clutter and 4 base stations. All base stations are wall-mounted in these cases.

regions occupied by clutter. Figure 3 shows the same two environments as in figure 2, with the added
base stations.

For the electric-field calculation, the numerical tool utilised MATLAB’s built-in ray tracing propaga-
tion model to identify the line-of-sight and non-line-of-sight (NLOS) propagation paths between the
transmitters and the receiver locations within the 3D model of the environment. For NLOS paths, the
propagation model implements the shooting and bouncing rays method, where a number of uniformly
spaced rays are launched from the transmitter and interact with surrounding objects. If a ray strikes a
flat surface, it reflects and if it strikes an edge, it generates several diffracted rays in accordance with the
law of diffraction. For each ray that reaches a receiver, the phase shift and the total path loss are calcu-
lated, which includes the free-space, reflection and diffraction losses. Reflection and diffraction losses are
calculated using the Fresnel equations and the uniform theory of diffraction, respectively, and depend on
the geometry and the electromagnetic properties of the materials defined in the environment’s 3D model
[Iskandar, Bertoni]. The total electric field (RMS) caused by a transmitter k is obtained as:

Ek,tot =
√

4πZ0Pk,tx
λ2 ·

∣∣∣∣∣ Nray∑
ray=1

10
Gk,tx,ray/20

10Ltot,ray/20
· eiθray

∣∣∣∣∣ (1)

where λ is the wavelength (in meters), Z0 is the impedance of free space (in ohms), Pk,tx is transmitter
k’s root-mean-square output power (in Watts), Gk,tx,ray is transmitter k’s gain (dBi) in the direction of the
ray, Ltot,ray is the ray’s total path loss (in dB), θray (=2πd/λ, d being the ray’s propagation distance) is the
ray’s phase shift, i is the imaginary unit, and Nray is the number of rays considered. In case more than
one transmitter or base station is used, the total electric field is calculated as

Etot =

√
K∑

k=1
E2k,tot (2)

where Ek,tot is the electric field caused by transmitter k, and K is the total number of transmitters or
base stations. In all simulations, we assume an evaluation height of 1.5 m above ground level. For sim-
plicity, we always assumed a worst-case duty cycle of 100%, meaning that we do not account for duty
cycle/traffic load/data usage as model input.

2.2.3. Simulation scenarios
To build and evaluate the generic model, many different [X Y] configurations were required in which the
11 input parameters X were varied. This section describes the total number of simulation scenarios and
which input parameters were varied.

In a first phase, 12 800 different configurations were evaluated. 200 random factory layouts were cre-
ated with a random length and width (X1) as described in table 1, with a ceiling height of 5 m (X11)
and with a random percentage of clutter (X8). These layouts were divided into 4 groups of 50, each
assigned a unique combination of clutter (X9) and wall (X10) material. Within each group, we ensured

5
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Table 1. Input parameter ranges for the two sets of simulations.

Inputs

Explored parameter range

1st set of simulations 2nd set of simulations

Area (X1) 440–2025 m2 462–2970 m2

Random Length×Width

(Length: 22–45 m

Width: 20—Length)

Random Length×Width

(Length: 22–55 m

Width: 20—Length)

No_Tx (X2) 1, 2, 3, 4 1, 2, 3, 4

1 and 2 (for 440–750 m2 areas) 1 and 2 (for 440–750 m2 areas)

2 and 3 (for 750–1250 m2 areas) 2 and 3 (for 750–1250 m2 areas)

3 and 4 (for areas> 1250 m2) 3 and 4 (for areas> 1250 m2)

Den_Tx (X3) 220–750 m2/BS

derived from X1 and X2

231–990 m2/BS

derived from X1 and X2

Freq (X4) 3.5, 26 GHz 3.5 GHz

H_Tx (X5) 3, 4, 5 m (varied only for wall antennas; for

ceiling antennas, H_Tx is equal to the ceiling

height)

3, 4, 5, 6 m (varied only for wall antennas; for

ceiling antennas, H_Tx is equal to the ceiling

height)

P_Tx (X6) −20,−10, 0, 10 dBW

(i.e. 0.01, 0.1, 1, 10 W)

−7,−3, 0, 3 dBW

(i.e. 0.2, 0.5, 1, 2 W)

Type_Ant (X7) 2.15, 4.53 dBi 2.15, 4.53 dBi

Den_Clutter (X8) 0%–25% 2.2–62.5%

Mat_Clutter (X9) 0, 0.146, 1 (reflectivity values of 0 for

no-clutter, 0.146 for wooden clutter, 1 for

metal clutter)

1 (only metal clutter)

Mat_Walls (X10) 0.046, 0.348 (reflectivity values of 0.046 for

glass, 0.348 for concrete)

0.348 (only concrete walls)

H_Ceiling (X11) 5 5, 6

that there were 10 configurations with 0%–5% clutter, 10 with 5%–10% clutter, … and 10 with 20%–
25% clutter. These 200 unique models were then imported into MATLAB, where the BS were added,
with their number (X2) varying among four values, depending on the area of the environment. X3 was
automatically calculated from X1 and X2. The BS frequency (X4) was set to either 3.5 or 26 GHz. The
BS height (X5) varied across three values up to the factory ceiling height of 5 m, depending on the
antenna type. The Base Station power (X6) was varied among four values. The BS antenna type (X7)
was selected from two options (wall or ceiling), which determined the corresponding radiation pattern
(half-omnidirectional with a gain of 4.53 dBi and omnidirectional with a gain of 2.15 dBi respectively).

In realistic deployments, the wireless installation will be configured to provide a realistic coverage
percentage throughout the area. Therefore, if more than 10% of the values received a signal level below
−81 dBm (3.5 GHz) [Castellanos] (bandwidth of 120 MHz, with noise floor of −93 dBm, noise figure
of 7 dB and SNR of 5 dB for MCS 7) or below −74.9 dBm (26 GHz) [Santana], the simulation was not
withheld for further processing. In the first phase, this led to rejection of 2604 simulations or 20% of the
total.

Based on the obtained results, we performed a second round of simulations, considering larger areas
(X1) also including more clutter (X8), refining the BS power (X6) input parameter evaluations. 240 new
environments are generated (X1,X8,X9,X10), with 2 numbers of base stations (X2) and 4 BS powers
(X6). These were further varied with different BS heights (X5) up to the ceiling height (X11, 5 and 6 m)
for wall and ceiling base stations (X7). This resulted in a set of 8640 simulations. In this second phase,
929 simulations or 11% were rejected for inclusion in the model.

6
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Table 2. Hyperparameters for generic neural network model.

Hyper-parameter Value

Number of neurons in each layer 20, 20, 20, 3

Activation function Relu

Optimiser Adam

Initial learning rate 0.005

Loss function mean_squared_error

Train and test ratio 8:2

2.2.4. Optimal simulation settings
Since training a reliable machine learning model requires a large amount of data and, consequently,
many simulations, an appropriate balance between computation time per simulation and simulation
accuracy must be found. As more reflections and/or diffractions are allowed in the simulation, accuracy
is expected to increase, but calculation time as well. Therefore, for a set of four largely different simula-
tion scenarios, the output parameters E50 and E95 were determined, as well as the calculation time. This
allowed us to determine simulation settings that strike a good balance between accuracy and calculation
time.

Similarly to the number and type of interactions taken into account, the number of receiver points
in the area at which the E value is calculated has an impact on calculation time. Therefore, we invest-
igated the difference in E50/95 values for a receiver grid with spatial resolutions of 10, 20, 50, 100, and
200 cm. Although a sparse grid reduces calculation time, it might not be able to catch all local differ-
ences in E values, having an impact on the representativeness of the E50 and (particularly) E95 outputs.
Therefore, we determined the E50/95 values as a function of the grid size resolution for the four scen-
arios. For a ‘worst-case’ environment (lot of clutter), we calculated the output (median E), and determ-
ined to what extent coarser grids still gave the same output.

2.3. Machine learning approach
As a generic model, we used a fully connected neural network, where each neuron in one layer is con-
nected to every neuron in the next layer. These networks consist of an input layer, one or more hid-
den layers, and an output layer. Each neuron applies a weighted sum followed by a non-linear activation
function to capture complex patterns in the data. We opted for a neural network because of the high
dimensionality of the input vectors and the non-linear relationships between the inputs and output. The
hyper-parameters used are shown in table 2 below.

The model was developed in Python using standard libraries. The relevant libraries used include
TensorFlow/Keras (model definition and training), scikit-learn (data splitting, normalisation, and per-
formance metrics), NumPy (numerical operations), and Pandas (data handling).

3. Results

3.1. Optimal simulation settings
Figure 4 shows E50, E95, and the calculation time as a function of the number of interactions (reflection-
s/diffractions) allowed for a typical wireless configuration with a grid resolution of 1 m. As the number
of interactions increased, calculation time increases exponentially. The obtained E values remained rel-
atively stable though. Therefore, as a suitable tradeoff, we allowed 2 reflections for the remainder of the
analysis.

Figure 5 shows E50 and E95 as a function of the grid size resolution (in m) for four simulation scen-
arios. For the worst-case scenario (scenario 1), the differences remained below roughly 4% when choos-
ing a grid size of 1 m, compared to smaller grid sizes. Therefore, we opted for a 1 m grid size as a good
tradeoff between accuracy and calculation time.

3.2. Correlation analysis
To increase the model’s genericity and usability, we aim to reduce the model complexity and retain a
limited set of physically meaningful and easily obtainable input parameters. Thereto, we investigate the
predictive power of the various inputs, via calculation of the Pearson correlation coefficient between all
inputs and outputs. It measures the strength and direction of the linear relationship between two vari-
ables. The correlation analysis between all input variables and all potential output variables are shown
in table 3. Input-output correlations with an absolute value larger than 0.2 are underlined. We observe

7
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Figure 4. Comparison of E50, E95, and calculation time for different numbers of interactions allowed.

Figure 5. Comparison of E50 and E95 for different receiver grid sizes.
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Table 3. Correlation table between all inputs and outputs.

Area No_Tx Den_Tx Freq H_Tx P_Tx Type_Ant Den_Clutter Mat_Clutter Mat_Wall H_Ceiling E50 E95

Area 1.000 0.709 0.596 −0.228 0.065 0.074 0.029 0.344 0.250 0.236 0.296 −0.086 −0.080

No_Tx 0.709 1.000 −0.104 −0.134 0.039 0.044 0.017 0.247 0.153 0.127 0.173 0.084 0.001

Den_Tx 0.596 −0.104 1.000 −0.152 0.043 0.050 0.019 0.181 0.174 0.175 0.199 −0.224 −0.116

Freq −0.228 −0.134 −0.152 1.000 −0.082 −0.089 −0.026 −0.226 −0.281 −0.273 −0.357 0.068 0.065

H_Tx 0.065 0.039 0.043 −0.082 1.000 0.027 −0.443 0.060 0.084 0.082 0.242 −0.021 −0.212

P_Tx 0.074 0.044 0.050 −0.089 0.027 1.000 0.009 0.074 0.092 0.089 0.116 0.721 0.827

Type_Ant 0.029 0.017 0.019 −0.026 −0.443 0.009 1.000 0.048 0.027 0.026 0.055 −0.023 0.091

Den_Clutter 0.344 0.247 0.181 −0.226 0.060 0.074 0.048 1.000 0.270 0.227 0.346 −0.248 −0.054

Mat_Clutter 0.250 0.153 0.174 −0.281 0.084 0.092 0.027 0.270 1.000 0.280 0.367 −0.099 −0.074

Mat_Wall 0.236 0.127 0.175 −0.273 0.082 0.089 0.026 0.227 0.280 1.000 0.357 −0.073 −0.073

H_Ceiling 0.296 0.173 0.199 −0.357 0.242 0.116 0.055 0.346 0.367 0.357 1.000 −0.088 −0.105

E50 −0.086 0.084 −0.224 0.068 −0.021 0.721 −0.023 −0.248 −0.099 −0.073 −0.088 1.000 0.835

E95 −0.080 0.001 −0.116 0.065 −0.212 0.827 0.091 −0.054 −0.074 −0.073 −0.105 0.835 1.000

9
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Figure 6. Scatter plots of predicted values vs ground truth values for the three output variables.

Table 4. RMSE and R2 for training and testing datasets.

E50 E95

RMSE-Training 0.164 V m−1 0.173 V m−1

RMSE-Testing 0.161 V m−1 0.164 V m−1

R2-Training 0.950 0.990

R2-Testing 0.949 0.990

strong correlations between transmit power (X6) and E50 and E95 in the outputs. Some significant cor-
relations were also observed from density of transmitters (X3), transmitter height (X5), and density
of clutter (X8). The height of the transmitter mainly impacts the maximal exposure values with an
inverse relationship, as can be expected. Clutter density has a larger impact on the median exposure val-
ues, rather than on the maximal exposure values (which are found at unobstructed locations near the
transmitters). As could be expected, the correlation analysis confirmed that X3 (density of transmitters)
provides the same information as the evaluation area (X1) and the number of transmitters (X2). It was
observed that the antenna type (X7) impacts the E-field distribution shape (kurtosis), and inherently has
a link with X5 in the model. The correlation between inputs and outputs revealed the essential paramet-
ers that could be used in machine learning model building. As a conclusion to this analysis, we retained
the parameters in grey as the essential input features for building the model: X3, X5, X6, X7, X8.

3.3. Model performance
Based on the correlation analysis and the approach described in section 2.3, a generic ML model was
built, with input parameters X3, X5, X6, X7, X8 and output parameters Y1, Y2. For the fully connec-
ted neural network model, the training and testing performance are shown in the scatter plots shown in
figure 6. A good prediction can be observed from E50 (figure 6(a)) and E95 (figure 6(b)).

In terms of training and testing performance metrics, table 4 shows the root mean squared error
(RMSE) and R2 for training and testing. RMSE measures the root of the average squared difference
between predicted values and actual target values. R2 measures how well the model explains the variance
in the target variable. It ranges from 0 to 1, where 1 means the model perfectly explains the variance, 0
means it performs no better than predicting the mean, and negative values indicate worse performance
than the mean predictor.

The model demonstrates strong predictive performance for both E50 and E95, with low RMSE and
high R2. For E50, the R2 is around 0.95 for both training and testing, indicating the model explains 95%
of the variance with consistent generalisation. These results confirm that the model captures the underly-
ing trends very accurately.

The loss graph of figure 7 shows the training and validation loss across 100 epochs. This indicates
that the model is learning effectively, with no strong signs of overfitting since the training and validation
losses remain close throughout training.
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Figure 7. Training and validation loss as a function of number of epochs.

Table 5. Descriptive parameters of the three experimental datasets. Parameters in italic & bold (X3, X5, X6, X7, X8) are retained as
inputs to the generic model (∗2 antennas were mounted at a height of 3.1 m).

Input parameter

Value

Warehouse Production hall Wireless networks test facility

X1—environment size (m2) 3398.6 2116.8 399

X2—number of transmitters (-) 4 6 1

X3—transmitter density (/100 m2) 0.118 0.283 0.251

X4—frequency (GHz) 3.75 3.75 3.47

X5—antenna height (m) 5 5.9∗ 3

X6—transmit power (dBW) 0 0 13

X7—antenna type/location Ceiling (omni) Ceiling (omni) Wall (half-omni)

X8—clutter area percentage (%) 40 20 0

X9—dominant clutter material Metal Metal —

X10—outer wall material Concrete Concrete Concrete

X11—ceiling height 5.5 6.9 5.6

3.4. Experimental validation
The obtained model is then tested on experimental data collected in three real-world environments,
where 5 G private networks are deployed, hereafter referred to as ‘Warehouse’, ‘Production hall’, and
‘Wireless networks test facility’. The environments of the first two are described in detail in [Gaǰsek].
The ‘Wireless Networks Test Facility’ covered a space of approximately 400 m2, primarily constructed
of concrete, with a metal roof at a height of approximately 6 m. One side featured metal doors approx-
imately 6 m wide, extending the full height of the wall, while the opposite side bordered offices, with
metallic wall panels and several small windows. The facility did not contain any clutter. The private SA
5G network operated in the 3420–3520 MHz frequency range. A single Ericsson 6524 antenna, with an
output power of 20 W and a maximum gain of 12 dBi, was mounted on the wall at a height of 3 m.
Since the outputs of the generic model are the E50 and E95 values representing the entire occupational
environment, raster measurements were used for the validation to ensure uniform coverage of the area
of interest. However, because measurements cannot provide detailed coverage over large areas such as
those in these environments, the generic model results were also compared with corresponding values
obtained from calculations using the commercial software Narda EFC 400 [Narda] over a denser set of
points. The Narda tool serves as an additional independent validation of the generic model since its sim-
ulations were not used to train the generic model.

Table 5 lists the parameters for characterising these three environments, that were initially considered
as inputs to the generic model. As described in the correlation analysis, only the parameters X3, X5, X6,
X7, and X8 were eventually used as inputs to the generic model. In the ‘Production hall’ environment,
base station antennas were installed at two heights, but since the current generic model requires a single
input value, a height of 5.9 m was used as 4 out of 6 antennas are mounted at that height.

Table 6 presents the outputs of the generic model for each environment in which it was tested, along
with the simulated output parameters using the Narda EFC 400 software, and the experimental output
parameters based on the measurement campaigns.
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Table 6. Comparative output of simulation and measurements with generic model estimations.

Output parameter Method Warehouse Production hall

Wireless networks

test facility

E50 (V m−1) Simulations NARDA 0.34 0.74 4.01

Measurements 0.39 0.67 5.05

Generic model 0.24 0.75 4.10

E95 (V m−1) Simulations NARDA 1.06 1.14 11.31

Measurements 1.01 1.22 10.74

Generic model 1.21 1.34 8.23

Figure 8. Comparison of results obtained by generic model (red diamonds), Narda simulations (blue circles) and measurements
(black square).

In figure 8, the E50 and E95 values obtained from the generic model, the measurements and Narda
simulations are plotted. The error bars represent the expanded uncertainty (95% confidence interval) of
the E50 and E95 statistics obtained from the measurement dataset using the bootstrap method [Efron].
Its detailed calculation was performed in accordance with the guidelines in [NIST].

Overall, table 6 and figure 8 show a good agreement between the generic model results and the
measurements. Only one value falls outside the uncertainty range: E50 in the ‘Warehouse’ environ-
ment, where the generic model’s output was 0.24 V m−1, which is lower than the uncertainty range’s
lower limit of 0.29 V m−1 (the actual measured value was 0.39 V m−1). For E95 in the ‘Wireless net-
works test facility’ environment, the model’s value of 8.23 V m−1 was just within the bounds of the
uncertainty range of the measured value of 10.74 V m−1. For all other cases, the generic model agreed
very well with the measurements, with relative differences not exceeding 20%. e.g. for the ‘Production
hall’ environment, both median values (measured value of 0.67 V m−1 vs generic model prediction of
0.75 V m−1) and 95th percentile values (measured value of 1.22 V m−1 vs generic model prediction of
1.34 V m−1) correspond very well.

A similar level of agreement is observed when comparing the generic model results with the simula-
tions. For the median value of the ‘Warehouse’ case, the relative difference between the two models was
29% (0.24 and 0.34 V m−1 respectively). Although this percentage appears relatively high, it is mainly
due to the low absolute field strengths. The absolute difference of 0.1 V m−1 is generally not con-
sidered significant in the context of RF human exposure assessment. For the 95th percentile value of the
‘Wireless Networks Test Facility’ case the relative difference was similar, at 27% (8.23 and 11.31 V m−1).
This relatively high difference is attributed primarily to the high antenna directivity (12 dBi) as well as
its output power (13 dBW) which were outside the range of the data used for the training of the generic
model. It is to be noted that neural networks mainly perform well for input data within their training
range.
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4. Conclusion

In this paper, a neural network model was created and validated to enable generic estimation of expos-
ure levels in industrial environments, without requiring technically complex inputs or technical expertise.
First, a set of eleven parameters was defined, relating to the physical environment and to the wireless
deployment of the network. These parameters were selected to be accessible to non-experts and expec-
ted to correlate with exposure levels. A Blender-MATLAB pipeline was created for simulating an extens-
ive set of different wireless configurations. From over 12 000 simulations, five main input parameters
were retained that correlate well with the exposure level distribution in an area: the height, density, loc-
ation and transmit power of the transmitter, and the density of clutter in the area. Based on these input
parameters, a neural network was trained on over 16 000 simulations. Subsequently it was successfully
tested on more than 4 000 simulated new wireless deployments, achieving R2 values of over 95% for the
median and maximal exposure levels in the area. Three experimental datasets from industrial warehous-
ing and production environments were used as real-life test cases for the generic exposure estimation
model. The results show that the model provides good approximations of electric-field values measured
in real environments, with most predictions falling within the measurements’ uncertainty bounds. The
model’s accuracy decreases when input parameters lie outside the range represented in the training data.
Although the findings indicate that machine-learning models can approximate exposure levels without
prior electromagnetic expertise or dedicated simulation tools, they also suggest that performance can be
improved—and applicability broadened—by incorporating additional and more complex training envir-
onments. All simulated and experimental datasets are made publicly available, enabling researchers to
add new experimental data, refine the existing model, or explore alternative modelling approaches.
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