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ABSTRACT The rapid growth of 5G and 6G networks, with their dense deployments, millimeter-
wave communications, and dynamic beamforming, necessitates scalable simulation tools for performance
evaluation, network design, and electromagnetic field (EMF) exposure assessment. EMF simulations
model exposure across frequency, space, and time, typically based on base stations, user devices, and
deterministic and empirical models. These simulations are essential for network operators and researchers for
network planning, assessing human exposure to RF-EMF, and ensuring compliance with safety regulations
considering factors like frequency, power levels, antenna configurations, and the environment, but they often
require extensive computational resources and large simulation time. To address this, we propose an infinitely
wide convolutional neural network approach for fast and accurate EMF exposure estimation. Remarkably,
taking the width of a neural network to infinity allows for improved computational performance. We compute
a convolutional neural tangent kernel from the infinite-width network to perform matrix imputation for
exposure estimation. Proposed method estimates exposure fields using less than 7% of simulation points
and outperforms other machine learning models, predicting exposure levels which fall below the safety limit
set by ICNIRP in under 3, 66 x 1073 seconds.

INDEX TERMS EMF exposure, kernel regression, infinite width convolutional neural network, neural
tangent kernel, semi-supervised learning.

I. INTRODUCTION

Wireless communication technologies have become an
essential part of our everyday lives, integrating in with
the surroundings with ease. Thus, it is crucial to keep
updated on phenomena related to wireless systems, like
exposure to radio-frequency electromagnetic fields (RF-
EMFs). Numerous sources of electromagnetic fields (EMFs),
including WiFi, 2G, 3G, 4G, and the newest 5G mobile
technologies, contribute to the electromagnetic medium in an
urban setting.

The associate editor coordinating the review of this manuscript and

approving it for publication was Su Yan

Although 5G promises significant advancements over
previous generations [1], [2], [3], many 6G research topics
necessitate the use of ray tracing (RT) to simulate particular
radio environments in order to assess a network’s perfor-
mance. Examples include radio-based localization [4], multi-
modal sensing [5], integrated sensing and communications
(ISAC) [6], and the majority of the use-cases of the
recently introduced machine learning (ML)-based transceiver
algorithms [7].

This makes simulation a major player in planning and
designing 4G, 5G, and 6G networks with respect to optimal
coverage, capacity, and performance under EMF con-
straints. The regulatory organizations like the International
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Commission on Non-lonizing Radiation Protection
(ICNIRP), the Institute of Electrical and Electronics Engi-
neers (IEEE), and the World Health Organization, (WHO),
conducted extensive amounts of work on Research into the
determination of exposure guidelines for EMF on humans.
This is imperative because base stations and mobile devices
that generate EMFs in radio communication need to be within
legal limits on exposure levels [8], [9], [10]. This calls for the
replication of exposure effects due to wireless technologies.
In real-life complex scenarios with frequency bands, antenna
configurations, power levels, propagation models, user
density, it requires simulation of behaviors and mobility; the
urban environment includes challenging signal obstruction,
multipath effects, and beamforming optimization. Advanced
simulations can provide accurate network performance
assessment and the verification of compliance with EMF
exposure regulations with low computational costs. Reducing
simulation time is critical, as traditional methods often
require hours or days, prompting the development of faster,
Al-driven solutions.

There are two major approaches in the literature, namely
simulation and stochastic geometry, that are applied to map a
cellular network topology to its performance.

A. DETERMINISTIC AND EMPIRICAL PROPAGATION
MODELS

In a simulation based setup, the precise configuration of a
network (antenna location, height, azimuth, etc.) are fed into
a simulator along with a statistical model of the channel gains.
The simulator then calculates the Signal-to-Interference-
plus-noise ratio (SINR) at each possible user location for a
given realization of the BS-to-user channels and calculates
different performance metrics such as coverage, exposure etc.
Accurately assessing exposure in a specific metropolitan area
is very difficult. Ray Tracing (RT) techniques, which model
the propagating field using an array of rays that go through the
environment and reflect, diffract, and scatter, are the founda-
tion of deterministic propagation tools like Veneris-Opal [11]
and Atoll [12]. These methods make use of the optical ray,
a high-frequency approximation of the Maxwell equations.
However, it is nearly impossible to evaluate all active
networks and devices in order to determine the EMF levels.
There are surprisingly few open source tools and libraries
accessible, even though RT approaches are used in a large
number of works and new ways are being introduced on a
regular basis [13]. The majority of research software is either
solely commercially licensed or not distributed. SPLAT!
(https://www.gsl.net/kd2bd/splat.html) and Radio Mobile
(http://www.ve2dbe.com/), which are radio frequency signal
propagation simulators that account for terrain losses, are
two examples of open source simulators that do not require
RT. The computing engine used by many of the open source
programs is Matlab [14], which needs a license. For example,
SimRIS [15] supports customizable intelligent surfaces, and
NYUSIM [16] offers bespoke channel models for 5G and
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6G simulation. Among the proprietary commercial tools that
include at least a similar set of features, including moving ele-
ments and antenna radiation patterns, we can only find Altair
Feko (https://www.altair.com/feko-applications/) or Siradel
solutions (https://www.siradel.com/solutions/software/). One
of the major pitfall is all these software’s requires significant
resource and time to simulate difference metric in a given
area. For example in [17], to simulate exposure in a
1 km? area in Lille, France with only 1 BS, approximately
30 minutes to generate 1 realization of the network.

B. RANDOM SPATIAL PATTERNS

An alternative to simulation that assesses network perfor-
mance analytically is stochastic geometry (SG). Localization,
car radar [18], and cumulated interference power [19] are
only a few of the many applications for it. To determine
the mean or Cumulative Distribution Function (CDF) of
performance indicators (such as coverage, EMF exposure,
etc.), stochastic geometry is a helpful tool [20]. However,
neither the precise site to be investigated nor the user’s
geographical location have a direct relationship to this
estimated information. Motivated by tractability, SG-based
analytical expressions can be found in the literatures [21],
[22], [23], and [24]. In order to guarantee tractability, these
expressions rely on a number of frequently unreasonable
simplifying assumptions about the wireless network. A key
principle of SG-based models is that it is possible to
characterize the positions of users and BSs in a network as
realizations of stationary two-dimensional (2D) random point
processes. For instance, two limitations of SG is given below:

1) NON-HOMOGENEOUS DISTRIBUTION

The majority of research based on stochastic geometry uses
a homogeneous Poisson point process (HPPP) to describe
the base station placements. Although this streamlines the
study, it fails to reflect the repulsive spatial structure
seen in actual cellular networks; a Matern hard-core point
process (HCPP) is a better model for base station locations,
according to multiple studies [24]. However, the tractability
of the analytical investigation of network performance is
compromised by this more realistic modeling [25].

2) CORRELATED SHADOWING

Many stochastic geometry-based studies simplify channel
modeling by either disregarding shadowing effects or treating
shadowing as a spatially independent log-normal pro-
cess. However, incorporating spatially correlated shadowing
generally renders analytical derivations intractable using
traditional stochastic geometry tools. Some works, such
as [26], address correlated shadowing but adopt a specific
shadowing model while omitting the path loss component
to maintain mathematical feasibility. Another strategy found
in the literature approximates interference—comprised of
numerous log-normal shadowing terms—using a gamma
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distribution, significantly simplifying coverage probability
analysis in [27].

Despite advances in this field, the wide variety of param-
eters, e.g., materials, sensor arrangement, or environment
topology, make monitoring of EMF exposure relatively
complex and often require a large number of measurements,
which is both time-consuming and expensive. Moreover,
these simulations are complex tasks because they involve
taking into account a large number of base stations, different
technologies and operators, and network configurations that
are unknown to us, such as the powers and beams used by the
base stations.

C. OUR STRATEGY

The main direction in the above discussion is that while
simulations effectively address the needs of network con-
figuration, they are limited by extensive computational time
and resources. Conversely, SG-based models offer faster
computations but lack the ability to provide location-specific
insights of network performances. In this work, we take the
middle path and propose a deep learning approach, delivering
location-specific performance metrics which is exceptionally
fast, accurate and computationally efficient. Essentially, our
goal is to mimic the core functionality of a simulator in a
time-efficient manner. At its core, a simulator performs a
functional mapping, taking a network configuration as input
and generating outputs such as location-dependent metrics -
coverage, received signal strength, and EMF exposure. In this
article, we propose an infinite width convolutional neural
network to approximate this mapping, which does not require
a large training set, thus overcoming the extensive time of
simulators and training deep learning models.

This work aims to reconstruct the RF-EMF exposure across
3 major cities in Europe: Eindhoven, Utrecht and Zurich. The
goal is to achieve fast and accurate exposure mapping for the
entire area while minimizing the number of measurements
required.

Based on a sparsely distributed location specific EMF
exposure in the target area, To estimate the exposure maps,
the proposed contribution is to train an infinite Convolutional
Neural Network (CNN) for matrix imputation [28], [29].
In the infinite width limit [30], [31], [32], [33], artificial
neural networks are analogous to kernel methods as they are
related to Gaussian processes. This idea is expanded upon in
the proposed approach (FAST-EMF), which uses a Convo-
lutional Neural Tangent Kernel (CNTK) to fill in the sparse
exposure maps [34]. Learning-based models (cGAN, ANN)
are taken into consideration in order to assess and verify the
performance of the suggested model. Despite relying on a few
measurements, the developed method performs well in terms
of computation time and accuracy of estimation.

The following is a summary of this paper’s primary
contributions:

o We present a unique method, FAST-EMEF, that accurately
and rapidly estimates an exposure field by taking into
account neural networks’ width limit. To ensure the
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consistency of the estimation, the network is infused
with terrain knowledge.

o We assess the performance of the proposed approach
for reconstructing the exposure field in an urban
environment using a limited number of data points. The
learning model’s capacity to achieve this task quickly
is demonstrated by a complementary analysis on its
inference time.

The paper is structured as follows: Section I-D provides
an explanation the background the estimation method. The
suggested FAST-EMF method for estimating the exposure
field in an urban setting is described in Section II. The
performance of the suggested technique is evaluated both
qualitatively and quantitatively in Section III. Sections IV
and V provide the discussion and conclusion.

D. ESTIMATION METHOD

Matrix imputation is a technique for recovering missing
values in an incomplete dataset and often uses learning-based
approaches relying on statistical information from the whole
dataset. Authors of [34] and [35] introduced an innova-
tive approach for regression, and shape completion using
incomplete data. Radhakrishnan et al. in [36], showed drug
response prediction and authors of [34] showed classification
by infinite neural networks. A very interesting direction was
taken by the authors of [35], who addressed unsupervised
3D shape completion and reconstruction given incomplete
scanned data. The authors propose a deep prior that was
developed from the Neural Tangent Kernel (NTK). It is
demonstrated that CNN-based shape patch completion has
a striking resemblance to existing patches within the kernel
feature space defined by the NTK due to the locality of these
features. The work by Arora et al. [34] demonstrated that a
fully-trained, sufficiently wide neural network is equivalent
to a kernel regression predictor defined by the NTK. In this
work, we propose to address the exposure map estimation
problem as unobserved data imputation in matrices using
infinitely wide CNN for CNTK [34]. The exposure map is
reconstructed from a few exposures at sparse locations in
target areas. A high-level overview of the proposed approach
is depicted in Figure 1.

Our goal is to investigate a neural network-based method
that is infinitely wide and does not require training on large
data sets (full reference maps). The recently proposed Neural
Tangent Kernel (NTK) [34] technique can be used to achieve
this goal.

Il. METHODOLOGY

A. INVERSE PROBLEM FORMULATION

This study focuses on estimating RF-EMF exposure maps
across three major cities: Eindhoven, Utrecht, and Zurich,
identified as the regions of interest (Rols). Each Rol is
represented as a rectangular grid of size / x J, where sparse
measurement points, randomly positioned within the area,
serve as the basis for estimation. At each grid location (i, j),
withi € {1,...,I} andj € {l1,...,J}, the EMF exposure
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Sparse Exposure
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Imputed
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J

Infinitly wide convolutional neural network

FIGURE 1. RF-EMF estimation by modern machine learning. The main contribution lies in constructing the kernel and designing the priors.

level e j) € RS is measured, with S representing the number
of available measurements. The estimation task, framed as an
inverse problem, involves reconstructing the exposure map
e € R/ for the entire grid. The goal is to identify a
predictive function fy : RS — R/*/ that estimates exposure
levels at unmeasured locations, with 6 denoting the function’s
parameters. Techniques like kriging and statistical learning
methods can be used to derive fj.

B. EMF EXPOSURE BY MODERN MACHINE LEARNING

An ANN was used in [37] to estimate exposure in a Paris
urban area from a few sparsely distributed sensors. Using
five input features, including position, transmitter distance to
sensors, etc., as X and target exposure as labels Y, the ANN
model was trained in that work by minimizing mean squared
error (MSE) loss. The neural network used is a function yy,
given by:

Ve () = Vi 8y 8y 28 - (ry (0)-.), (D)

where x is the input and yy € {I,---,k}, are the layer
functions. Usually, layer functions develop by joining basic
scalar-valued functions termed neurons, which represent a
linear function followed by a non-linear function as activa-
tion ¢. The neural network’s parameters are stored in the
vector Yy and it is updated by the training process. As proven
in work by Jacot et al. [38], for the over-parameterized or
infinitely wide neural networks, they can be represented as a
kernel function, which is similar to solving kernel regression,
[34], [38]. The NTK is defined:

Definition (Neural Tangent Kernel): Let f(w) : R — R
denote a neural network with initial parameters w©. The
neural tangent kernel, K : R x R — R is a positive
semi-definite function given by:

K(x, x") = (VEWD), VEwO)), 2)

where w e RF denotes the parameters at initialization.
Reconstructing exposure maps with Convolutional NTK

(CNTK) involves mapping the element coordinates in matrix

y to the observed entries in . A convolutional network with
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varying layers, kernel size, and convolution combined with
downsampling is used to build the CNTK [34]. The following
provides the connection between the CNN model and the
CNTK:

3f (0, x)
Wik

3 (6, x)
X

K(x,x") = (
Wi k.1

), 3)
where x and x’ are input samples, 0 represents parameters of
the network, w; ; « ; denotes the summation over the indices of
the convolutional filters and their corresponding weights W,
and the L-th layer CNTK kernel is given by:

K(x,x") = [0"A, A vy S

A is a matrix, it is defined as A € REXMXN  where C is

the number of channels. In unsupervised neural networks,
previous studies have demonstrated that using priors
[39], [40] which are drawn from a stationary distribution can
perform well [41], [42] for inpainting tasks. In this work, A
is initialized by a prior. The accuracy of the reconstruction
is dependent on this prior that captures the relationship
among the coordinates within the target matrix, resembling
semi-supervised learning and such priors are widely used in
tasks related to image processing [43]. Kernel regression with
CNTK details are given in A.

C. PRIORS

In Bayesian learning, priors represent the initial beliefs or
assumptions that are expressed as probability distributions
or uncertainties, we have about the parameters. In the
context of exposure estimation and infinite width limit
neural networks, the prior A is independent of the observed
exposure in the target matrix. In this work, minimizing
the loss function maps elements of A to the coordinates
of target yy. We experimented on 2 priors to initialize A:
a Local Image Prior (LIP) [39], where A contains the
measurement data randomly sampled from the Rols, or a
random 1i.i.d. tensor, where the channels are taken from a
normal distribution (random normal prior - RNP). Recent
studies have demonstrated that as the width of neural
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networks approaches infinity, their training behavior aligns
closely with kernel regression using the Neural Tangent
Kernel (NTK) [34], [38]. In this regime, training a network
of infinite width becomes equivalent to solving a linear
system, as the NTK for fully connected architectures can be
efficiently computed in closed form [34], [38].

With only a fraction of a matrix’s coordinates observed, the
objective is to impute the unseen entries in y € R/*/.

D. MODEL ARCHITECTURE
When the network width tends to infinity, the CNTK
is derived using a CNN. The proposed CNN model is
modified from [44] and has six convolutional layers, each
using a kernel size of (3, 3) and zero padding to preserve
spatial dimensions, followed by LeakyReLU activation,
where 0.05 and 1 are the slopes, providing nonlinearity
while maintaining kernel tractability. Transposed convolu-
tion, upsampling, or trilinear upsampling are employed to
change the spatial dimensions of the feature maps. Training
methods, activation functions, layers, and model parameters
are based on [45] and [46], and a stabilization technique is
applied to mitigate exploding or vanishing gradient issues
during training.

The matrix’s dimensions can be 128 x 128, 64 x 64, or
32 x 32. The grid’s dimensions in this work were restricted
to 32 x 32.

E. EXPOSURE ESTIMATION - CNTK

In this work, CNTK uses image coordinate features as semi-
supervised learning. This is equivalent to mapping from
coordinate features to observed entries in the target matrix y
as a linear combination of the unobserved entries in the target
matrix y to calculate the coefficients w of the kernel model.
if the measured exposure value at the observed coordinates is
vector y, then w is given by solving linear systems:

w=1y"ly, ®)

For a missing entry at (i, j) coordinate in y, kernel regression
with CNTK matrix K, based on the observed entries using a
weighted sum of nearby values. Details are given in Appendix
Sec. B.

Ill. RESULTS
A. EVALUATION METRICS
To evaluate the performance of our system, we use two
different metrics. The error ] y— 9‘ between the predicted
value y and the reference value y is initially utilized.

To have a summarized metric we will consider the root
mean squared error (RMSE), mean absolute error (MAE) [47]
given by:

1 AN\2
RMSE = Z;(Yi—Yi). (6)
1 « ,
MAE:;Z(T,-—T,-) (7
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B. IMPLEMENTATION DETAILS AND DATASETS

The regions of interest (Rols) selected for this study represent
the largest possible rectangular areas in Eindhoven, Utrecht,
and Zurich can be seen in Fig. 2. Specifically, these Rols
cover areas of 36 km2, 36 km?, and 22 km?, respectively.
Given the considerable size of these Rols, we adopted
a strategy of subdividing them into smaller grids for the
imputation process. For instance, within Eindhoven, we first
selected a rectangular area of 36 km? and subsequently
divided it into eight smaller sub-grids, each with grid
resolution of 32 x 32, which together cover a total area of
36 km?. After the matrix imputation process, each matrix
was stitched together to form the entire Rol. The dataset
for the proposed method consisted of a minimum number of
points selected from three regions of interest (Rols), starting
with 2% of the total points (Eindhoven: 168, Utrecht: 189,
Zurich: 252) and increasing to 6% (Eindhoven: 488, Utrecht:
544, Zurich: 680) to reconstruct exposure at all regions. The
dataset consists of matrices, where each matrixis y € RMXN
where M and N are the number of rows and columns of the
map grid.

For the simulations the GRAND (Green Radio Access
Network Design) network planner developed by WAVES
research group at Ghent University has been used [48], [49],
which is based on the algorithm proposed in [50]. GRAND
develops wireless access networks for various technologies
while optimizing the network towards various KPI (Key
Performance Indicators) such as coverage, power consump-
tion and human exposure in both uplink and downlink.
The planner is capacity-based meaning that it develops the
network based on the instantaneous bit rate request by
the users active in the considered environment. As input,
it uses a 3D map of the environment to properly determine
the propagation from the base stations, the possible base
station locations in that environment as well as the location
and the bit rate request from the users. To design the
network, the GRAND tool uses a heuristic algorithm,
in particular a MILP (Mixed Integer Linear Programming)
solving algorithm, creating a graph network of the possible
solutions. The GRAND tool decides where to place the
base station locations as well as their settings (such as e.g.,
the input power of the antennas). As output, the planner
delivers various quantitative metrics such as the overall
network exposure, the exposure in each grid point, user
coverage, geometrical coverage, the base stations’ and the
network’s power consumption, etc. The dataset for selected
Rols (Utrecht, Zurich and Eindhoven) were generated in a
grid with 32152, 38974, 35564 points which served as the
groundtruth for the 3 Rols.

C. GENERATIVE MODEL AND ARTIFICIAL NEURAL
NETWORK

The proposed FAST-EMF is compared with Generative
Adversarial Network (cGAN) [51] and Artificial Neural
Network (ANN) as proposed in [37] in a regression setting.
These deep learning models are pre-trained on the same
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.
Einghoven d6km "
3 e »

FIGURE 2. The region of interest. a) shows the experimental 1km? area, blue represents transmitters, and b) reveals the
city topology (buildings) extracted as raster from OpenStreetMap.

dataset as FAST-EMF. The dataset was divided into train and
test and validation, where the train data was the same dataset
that gave the best result for FAST-EMEF, i.e for Eindhoven,
Utrecht, and Zurich 6% of the measurement. Details are given
in Appendix Sec. D, C.

D. VISUAL ANALYSIS

1) FAST-EMF

Figure 3 shows the effectiveness of the proposed approach
in 3 target Rols compared with the reference maps generated
by the GRAND simulator. The estimated exposure map was
reconstructed by 2%, 4%, and 6% of all measurements as
observed exposure for imputation. We only visualize the best
estimation, which was obtained using 6% of the location
points of each Rol as input.

In Figure 3, specifically in the third row (error maps),
the estimation errors for all methods remain relatively small,
ranging from —7.5 dB to —15 dB. However, in the second
row, which depicts the reconstruction of the Utrecht area,
noticeable irregularities appear along the edges of the stitched
matrices, particularly in the upper and lower middle sections.
These inconsistencies arise because the Utrecht exposure
exhibits significant variations that were not adequately
captured by the method. In contrast, no such artifacts are
observed in the reconstructed areas for Eindhoven and Zurich.

2) cGAN, ANN
In these regions, both the cGAN and ANN models struggle
to generalize EMF exposure effectively. This limitation can
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be attributed to the small training dataset, representing only
6% of the total data across the three Rols near the prediction
points. Specifically, the training datasets consisted of 488,
544, and 680 samples for Eindhoven, Utrecht, and Zurich,
samples that were sufficient for FAST-EMF but remained
insufficient for training a robust generative model or an
ANN. As shown in Fig. 4, the models fail to capture the
spatial structure accurately. Expanding the training set or
using advanced transfer learning techniques could potentially
address these limitations and improve model performance.

E. COMPARATIVE ANALYSIS OF STATISTICAL RESULT

1) IMPACT OF OBSERVED POINTS DENSITY

Table 1 summarizes the evaluation of the proposed method
using various models and priors to assess the accu-
racy of the CNTK approach. In the 36 km?> Eindhoven
area, observed exposure data was sampled at different
densities: 2% (168 samples, 5 measurements/kmz), 4%
(328 samples, 10 measurements/kmz), and 6% (488 samples,
13 measurements/km?). These samples were used to impute
the region of interest (Rol) and to train the generative model
and ANN. The cGAN and ANN models have high RMSE
values of 1,813.10~! V/m and 1,014.10~! V/m, respectively,
indicating poor performance in estimating exposure in the
test regions, as shown in Fig. 4. In contrast, remarkably,
increasing the number of observed locations led to a steady
decrease in RMSE and MAE for the CNTK method, reaching
values as low as 1,007.10~! V/m and 2,510.10~2 V/m for LIP,
respectively.

VOLUME 13, 2025
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FIGURE 3. Comparison of inferred exposure maps of the proposed method in Eindhoven, Utrecht, and Zurich. 1st row: (left to right): The
ground truth maps from the simulator. 2nd row: (left to right): The imputed maps and 3rd row (left to right): the error map of the Rols.
Estimated maps are visualized for 6% of the exposure points from the ground truth map, specifically 488, 544, and 680 measurements for

Eindhoven, Utrecht, and Zurich respectively used as input for estimation.

In Utrecht and Zurich, a similar trend can be observed,
where 6% of the exposure data (544 points, 16 locations/km?),
and 680 points (28 locations/km?) respectively are utilized.
The cGAN and ANN models exhibit relatively high RMSE
and MAE values (2,65.1072 V/m and 2,51.1072 V/m,
respectively). Although these values are similar, visual
analysis shows that both models struggle to accurately
estimate and generalize exposure levels in the Rols. On the
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other hand, the CNTK method improves steadily with
increased number of observed locations, reaching low RMSE
of 2,41.1072 V/m. This underlines the robustness of the
CNTK while using minimum observed data effectively.

To validate the RMSE results, Fig. 5 highlights how CNTK
effectively captures the behavior of the input variables across
three Rols. This demonstrates the model’s ability to learn the
underlying structure and characteristics of the exposure data.
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TABLE 1. The comparison of reference and estimated EMF exposure levels is presented across three regions of interest (Rols). For all methods, both
RMSE and MAE metrics are evaluated. Specifically, the estimation errors for the CNTK approach using three priors—LIP and RNP are detailed.
Furthermore, the analysis includes a breakdown of the computational time and resources required for each method.

METHOD POINTS RMSE;;» RMSEgyp MAE;;» MAEgznp TIME,,,-o.. = RESOURCE
2% 168  1,41.107! 1,50.10~1 431072  4,40.1072 -
§ CNTK 4%, 328  1,20.107! 1,25.1071 2,90.1072 2,91.10~2 - -
% 6%, 488 1,00.10~' 1,01.10°! 2,51.1072  2,62.1072 8,43.10~% sec 300MB
5 cGAN 6%, 488  1,83.107! - - - ~ 23 min 10GB VRAM
ANN 6%, 488  1,01.10~! - - - 15 sec 3GB VRAM
2% 189  2,52.107%2  2,51.1072 1,21.1072  1,14.10~2 -
= CNTK 4%, 369 2421072 2,46.1072 1,11.1072  1,11.1072 -
g 6%, 544 2,40.1072 2,41.1072 1,10.1072  1,10.1072 1,04.1073 sec 300MB
= c¢GAN 6%, 544  2,70.10~2 - - - ~ 18 min 10GB VRAM
ANN 6%, 544  2,513.10~2 - - - 3.2 sec 3GB VRAM
2% 252 1271072 1,270.10~2 5,53.107%  5,51.1073 - -
=  CNTK 4%, 492 1,13.1072  1,13.1072 4,30.107%  4,32.1073 -
§ 6%, 680 1,10.1072 1,11.1072 4,10.107%  4,15.1073 1,02.1073 sec 300MB
N cGAN 6%, 680  1,72.10~2 - - - ~ 24 min 10GB VRAM
ANN 6%, 680  2,81.102 - - - 3.2 sec 8GB VRAM

5207 s208 5200 5210
latitude

FIGURE 4. Estimated exposure map by cGAN and ANN. Poor
generalization performance can be observed due to a lack of training
samples.

As a result, the predictions closely align with the observed
exposure and feature variables.

For a more detailed analysis, Fig. 6 presents a comparison
between CNTK estimations and reference values using
100 samples. The figure clearly shows that the estimated
kernel has successfully learned the features dynamics,
enabling it to produce accurate predictions in comparing with
the reference exposure data.

2) EFFECT OF PRIORS

We demonstrate that the accuracy of the proposed CNTK
method can be influenced by the choice of priors. Specifi-
cally, we initialized the priors using two different approaches:
local image points (LIP), and random normal distribution
(RNP). The findings reveal that when the priors are initialized

131010

with LIP, the method achieves better performance compared
to RNP. For instance, in Eindhoven, the LIP initialization
yields an RMSE of 1,00.10~1 V/m, whereas RNP result in
RMSE values of 1,01.107! V/m.

This trend continues in the other regions. For example,
for Utrecht and Zurich, the RMSE of RNP initialization is
2,41.1072 V/mand 1,11.10~2 V/m. However, LIP as the prior
has a lower RMSE value of 2,41.10~2 V/m. In this case, the
priors yielded better performance compared to each other.
These results show the importance of selecting an appropriate
prior in infinite-width networks and how this influences the
performance of exposure estimation.

F. TIME EFFICIENCY AND RESOURCE

To find the efficiency of the proposed method, it was
evaluated w.r.t. time and computational resources spent on
training as well as inference. The performances, as listed in
Table 2 of cGAN and ANN during testing had training times
of about 23 minutes and 3.2 seconds on a system equipped
with an Intel Core 17, NVIDIA RTX ADA 3500 GPU-
16GB, and 32GB of memory. Also, the cGAN model trained
on more than 500 epochs, while ANN finished training
within 100 epochs. Memory Consumption: Both models were
voracious, each required about 9GB RAM, 3 to 10 GB GPU
memory for the three Regions of Interest.

In contrast, the proposed CNTK method significantly
outperformed these approaches in terms of speed and
resource efficiency. For training and imputing matrices over
large areas, the CNTK required only 1.28 x 103 seconds
for a 36 km? area in Eindhoven, 3.66 x 10~3 seconds for
36 kmZ2in Utrecht, and 1.65 x 10~3 seconds for 24 km? in
Zurich, as detailed in Table 1. Additionally, it achieved this
using just 300MB of RAM. That means, this method can
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FIGURE 5. The plot shows the comparison of the reference and estimated
EMF exposure levels for the first 1000 samples over 3 Rols when LIP prior
is used. For all 3 areas, CNTK estimates are closely aligned to the
reference.

be used any modern laptop or PC without any use of large
computational resource(for example: GPUs).

These results demonstrate the CNTK method’s suitability
for fast and accurate estimation of network performance
metrics such as exposure, coverage, and received signal
strength (RSS), all while demanding minimal computational
resources.

IV. DISCUSSION

In this study, presents an infinite-width neural network-based
approach, FAST-EMF, for estimating EMF exposure as a
performance metric from minimum number of measurement
points in 3 large cities in Europe. The study focused on
minimizing the number of measurement points required to
reconstruct exposure levels in three major European cities.
Given that simulators and other techniques require significant
computational resource and time, the objective was to
develop a method capable of estimating exposure in realistic
urban environments with minimal data. This approach
not only reduces the burden of data collection but also

VOLUME 13, 2025

TABLE 2. Comparative analysis of time and computational resources
required by the proposed method and other tools. Details of the Rols are
given in I1I-B. * The GRAND simulator reserves the memory for the solver
component for its optimization techniques.

Method Memory Inference
approx

-5
FAST-EMF 300 MB RAM 8’058.'10 s

per image

GRAND Simulator  10-15 GB RAM* 8 min/Rol

cGAN 10 GB VRAM 23 min/Rol
ANN 3 GB VRAM 3.2 seconds/Rol

ensures that assessments can be conducted efficiently without
compromising accuracy. from the link between infinite
width network and kernel methods, the study addressed the
challenges of large-scale urban analysis in a resource efficient
manner. The proposed method was evaluated and compared
with deep learning techniques, cGAN and ANN across
various parameters such as feature density, initialization of
priors, computational time and resource efficiency.

The results showcase the superiority of the FAST-EMF
approach over other deep learning approaches, cGAN and
ANN. Even utilizing fewer measurements in the grid, CNTK
method consistently outperforms other techniques. This
observation underscores the effectiveness of the proposed
methodology in accurately estimating EMF exposure with
minimum number of locations which is achievable by time
consuming learning based methods, a feature distinct from
both other schemes.

One remarkable advantage of the CNTK approach is
its adaptability across varying observed entries densities.
The analyses revealed that the method maintains consistent
performance even with limited locations, showcasing its
robustness in real-world scenarios. Furthermore, the CNTK
method demonstrated efficiency, requiring significantly less
time (3.660 x 10~3 s) and computational resources com-
pared to cGAN and ANN, owing to the simple closed
form formula of the tangent kernel [34], [38]. The main
advantage of the proposed method is in solving kernel
regression with CNTK as it involves solving linear systems
of equations, which efficiently handles complex data patterns
while optimizing computational resources.

Although CNTK produces satisfactory outcomes under
many settings, low density measurement points show perfor-
mance decrease. Furthermore, the proposed model can make
use of a number of neural network design strategies, including
batch normalization, skip connections, kernel initializers,
etc, to increase the suggested method’s estimation accuracy.
When it comes to situations with a limited number of
available measurements, the suggested technique performs
better than cGAN and ANN. Additionally, the proposed
method stands out for its speed and accuracy in estimating
the exposure in large areas.
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FIGURE 6. A more detailed closer look at the first 100 samples of the reference and estimated exposure by CNTK.

V. CONCLUSION

This study presents FAST-EMF, a innovative method based
on infinite-width convolutional neural networks (CNNs)
for estimating RF-RMF exposure in three major European
cities: Eindhoven, Utrecht, and Zurich, using only a limited
number of measurements. Unlike conventional deep learning
approaches such as cGANs or ANNs, which require large
training datasets and substantial training time due to their
complex architectures and high parameter counts, our
method significantly reduces both data and computational
requirements. For 3 Rols larger than 20 km?, FAST-
EMF can accurately estimate exposure using fewer than
7% of measurement points, with a computational time of
less than 3.66 x 1073 seconds. Rather than depending
on oversimplified signal propagation models, FAST-EMF
effectively captures complex propagation dynamics in urban
environments, taking into account detailed building charac-
teristics. In summary, the proposed method offers a balance
between accuracy, computational efficiency, and adaptability,
making it a promising solution for electromagnetic field
(EMF) exposure estimation in large areas. Future work will
focus on extending this framework to the temporal domain
and integrating it with a physics based model using CNTK
for dynamic exposure map forecasting.

APPENDIX

A. CNTK

We provide the CNTK formulation using the equation in (4)
in the main text. The tensor ® € R"™"*X"™X" wag defined
and was used in classification setting as [34]. In this case the
CNTK is a 4-dimensional tensor.

Definition: Let yy represent a L layer convolutional
network which maps the feature of A € R to the target
matrices yy € R™", then when the number of convolutional
filter approaches to infinity, the CNTK is stated by:

K(X;j, Xy ) = [OA, A, ®)

where, X; j, Xy y € R™" is the indicator matrices. As derived

in [34],if b(X) = X Tm, the kernel at the indicator matrices

is given by:

8p(Xi )0p(Xir ) 8Cyy (W) )8 (yy (Wi
1) Wi,jé W,"j 1) Wi,jé Wi,j

= [0"A, Ay ©)

K(Xij, Xy j) =
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B. KERNEL REGRESSION WITH CNTK

The goal of kernel Regression with CNTK is to fill in
unobserved entries (unobserved exposure values) as a linear
combination of training examples (observed exposure values)
in the sparse exposure map image.

Kernel Regression Let H be a Hilbert space with inner
product (., Yy, letv : RY — HandletK : R? xR — R be
a kernel function such that K (x, x") = (v(x), v(x"))y. Then
the minimum H-norm of the loss:

1 < . .
Low) = 5 le(y‘ — (w, v(x))p)? (10)
=
by w = Z;':lyKi_lu(xi where K € R™" is a positive
definite matrix with entries K;; = K(x;, x;). Hence the
predictor is given by:
f@) = yK 'K (i, ), (1D)

where, K (x;, x;) € R is the entries in the Gram matrix. More
details can be found in [52].

In this case, the sparse exposure image y has dimensions
M x N (in the following sections, we will choose M = N =
32) and CNTK K € RM*NxMxN

Let X’ be the set of measured point locations and y the
corresponding measured values; X is the location of an
unobserved point where we try to predict the field. The
predicted value y (x) is given by:

T -1
iy KXX) oy (12)

y(x)=K (X X’)
where K (x, X) is the CNTK evaluated between the location
where the prediction is to be made and the training data
X and K (X, X) is the CNTK evaluated on the training

data X.

C. ARTIFICIAL NEURAL NETWORK

The ANN trained in this work was proposed in [37].
We only choose the typical ANN, with MSE loss and ADAM
optimizer. The model details and training parameters are
given below:

D. CONDITIONAL GENERATIVE ADVERSARIAL NETWORKS

We have used a cGAN model in a regression setting to
estimate EMF exposure in 3 Rols. The generator G and
discriminator D has an ANN architecture as described
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TABLE 3. ANN parameters.

Parameters Value
Optimizer ADAM
Kernel Initializer he normal
Non-Linearity ReLLU
1st Layer - 4th layer 50 - 20 - 20 - 1 neurons
final layer activation linear
Loss function MSE
Epochs 100
Training samples Eindhoven: 4.188, Utrecht: 544
Zurich: 680

in [53]. The model details and training parameters are given
below:

TABLE 4. cGAN parameters.

Parameters Value
Optimizer G : ADAM, D: SGD
Kernel Initializer he normal
Non-Linearity eLU

Ist Layer - 4th layer 50 - 20 - 20 - 1 neurons

final layer activation G : linear, D: sigmoid

Loss function G: MSE, D: BCE

Epochs 500
Traini | Eindhoven:488, Utrecht:544,
raining samples Zurich:680
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