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Direction of Research

During the natural research process in this project, the main topic deviated from its original path. This
can be explained by the initial research process of identifying the risks involved in the hospital
environment for testing. This process concluded with the need to dive more into the methodologies
available for identifying key behaviours of the electromagnetic fields in hospital environments. Then,
the new title for this Deliverable is Characterization of EM fields behaviour according to
scenarios. The new deliverable aims to provide insight into the process of radiated electromagnetic
field measurements and show hints of future development that have the potential to improve the

process of radiated emission testing.
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1. Introduction

In recent years, ensuring Electromagnetic Compatibility (EMC) among diverse electronic devices and
systems has become increasingly challenging due to wireless technologies like 5G, the Internet of
Things (loT) expansion, and the growing complexity of miniaturized electronic circuits. These
advancements necessitate robust EMC practices, traditionally governed by rule-based standards that
struggle to keep pace with technological evolution. Consequently, the European Blue-Guide [1] and
the EMC Directive [2] have advocated a shift toward a risk-based approach to manage and mitigate
electromagnetic interference (EMI) risks, compelling manufacturers to incorporate proper risk
management in their compliance proof. Traditional standards limits, while fundamental, fail to capture
the complex real-world interactions of EM fields, especially with new technologies.

One way to know more about deployed devices' potential risks is to perform in-situ measurements.
They offer a different perspective by showing intricate Electromagnetic (EM) field behaviour in the
intended use environment, such as industrial facilities and medical settings. These measurements can
uncover new EM disturbances that could pose risks to electronic devices. Despite existing standards
for in-situ testing, there is room for improvement, making research in this area both necessary and
worthwhile.

This report aims to explore the idea of characterizing the EM fields in a room and present a proposed
methodology for it. The proposed methodology will be divided into steps to facilitate its use and the
sections in this report will enter into some of the specifics on each step. The report emphasizes the
need for a risk-based approach in modern EMC practices and aims to improve the effectiveness of
radiated emission measurements for both in-situ and testing measurements.

The first sections will explore and evaluate various sampling strategies for radiated emission
measurements using a simulation framework. These strategies, introduced in previous research, are
applied to diverse simulated environments. A brief state-of-the-art review is presented, followed by an
explanation of the proposed methodology. Subsequently, the creation of a framework is presented
together with the data generation and processing and the results from the simulations.

Furthermore, the report presents a case study on predicting or reconstructing EM field behaviours
within predefined scenarios using a neural network (NN). This tool aims to identify risks associated
with EMI, based on measurements conducted in these scenarios. Initial steps involve demonstrating
the feasibility of this approach and laying a foundation for further developments. Preliminary results
from the trained models highlight the advantages and limitations of this method.

2. Electromagnetic Field Sampling Proposed Methodology

According to the EMC Directive Guide, conducting a risk assessment is the first step towards meeting
legal requirements [3]. This assessment should cover both the device’s risks and the risks associated
with the intended environment of deployment. In the context of emerging technologies such as the
IoT, understanding the EM environment is particularly challenging [4]. For instance, in hospital
equipment, it is critical to determine the possible interferences present in the environment. [5] presents
some examples of accounting for the environment following the risk-based approach. Therefore, it is
essential to gain a better understanding of the EM environment to identify EMI risks more effectively.

Some methods for characterizing EM fields are used and presented in In [6], [7], [8], [9]. In [6], [7] a
fixed-point approach is used, this methodology consists on using a receiver antenna and device to
measure the electromagnetic fields in a single location for a long time. By following this methodology
the results provide useful time information but lack in the spatial department. Meanwhile, in [8], [9] a
method is presented for characterizing the room by “random” walking around it with a receiver setup.
The purpose of this method is to characterize reflections in the room, which provides spatial
information. The main limitation of these methods is not providing a suitable representative and
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repeatable description of the EM. To work out this limitation, an adequate trade-off between sampling
time and space is needed.

First, it is important to talk about the target of the methodology; the scenario. By scenario, it is
referred to an EM environment where multiple devices and passive elements have to perform
harmoniously, e.g. a hospital room, work office, or controlled test environment, among others. At a
given moment, it is needed to refer to a scenario as there is no standard name for any room or
environment where the devices will be deployed. Then in the proposed methodology every time when
it is talking about the environment or intended room, it will be referred as a scenario.

While sampling EM fields have been previously used for near and far field scanning of a single device
[10], [11], [12], the proposed methodology is intended to work with a scenario. The procedure plan of
the proposed methodology is presented in Figure 1.

Initial Step

Identify Use Case ,| Parametrize the | Select Sampling
Scenario Path

~

F Y

Risk Evaluation Post Processing Collect data

Figure 1. Block Diagram of the proposed methodology

The methodology starts with identifying the use case. This means defining the main targets that are
wanted to be known, like specific frequency bands to look at and how exhaustive the measurements
will be done. Next it is needed to parametrize the scenario, this includes gathering all the physical and
EM characteristics of the scenario like the number of active elements, the location of obstacles or
passive elements and the general layout of the scenario. Once this is known the idea is to define a
sampling path based on a strategy. The selection of the strategy depends on the characteristics of the
scenario. The next step is to follow the defined sampling path and measure the electric and/or
magnetic fields depending on the use case. Once all data is collected, it needs to be processed, and a
risk evaluation is finally generated.

A comparison between the fixed-point, random walk, and what it is wanted to achieve with the
proposed methodology is presented in Figure 1. 3 metrics are used to compare the three
methodologies; Impact in the Scenario, Spatial, and Time information. Each methodology requires
introducing new elements to the environment and each would affect the EM behaviour. The fixed-
point approach Impacts the less as it is just a static device. Meanwhile, the random walk, as it
constitutes of continuously moving antenna plus the person carrying it, has a higher Impact on the
environment. For the time and spatial information, it has already been discussed the pros and cons of
the first 2 methodologies. It is wanted that the proposed methodology takes the best from each.

This project has received funding from the European Union’s EU Framework Programme for Research and Innovation
Horizon 2020 under Grant Agreement No. 955.816.
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Time information

I Fixed - Point
1 Random Walk (Sniff)
I rroposed Methodology

Spatial Information

Impact in the Scenario

Figure 2. Fixed point (Blue) vs Random Walk (White) vs Proposed methodology (Red)

This report will focus on the development of the sampling strategies and the post processing of the
data. Although this does not cover all the needs of the proposed methodology, the previous steps are
some of the most important and have been the focus of research throughout the project. Furthermore,
for the post processing of the data a novel idea has been proposed with aid of Al to reconstruct the
behaviour of the EM fields in a scenario. All of these will be presented in the next sections.

3. Creation of a Framework for Sampling Strategies

Unfortunately, merely designing strategies for the proposed methodology is insufficient to
demonstrate if its representative and repeatable. To demonstrate it, it entails proving that for a given
scenario and moment, the collected samples of EM field values, are spatially relevant. This means,
proving that the used sampling strategy provides a sufficient and accurate enough description of the
EM environment in question. In this section a framework will be used for testing different sampling
strategies using simulations to get the performances of each of the strategies. When referring to a
framework it is meant a structure of algorithms or procedures that are reconfigurable to accomplish a
specific goal. The output of using a frameworks is known as a test suite. The test suite is a single
structure that serves to test the performance of a single strategy. Further into the section detailed
information of the test suite is given.

By using a framework it is possible to efficiently test different strategies, making the process of
proving the concept of the proposed methodology faster. A framework is a structure that provides a
foundation for developing something that meets the requirements of a particular task. The target
framework must fulfil the following requirements:

e The ability to utilize the results of simulated scenarios as reference for sampling strategies.

e Select the correct metrics for measuring the performance of a sampling strategy.

e Allow the user to efficiently test multiple combinations of sampling strategies and simulated
scenarios

* Facilitate the comparison of different sampling strategies.

The goal of this framework is to simplify the creation of different test suites that meet the needs of
each case. A test suite will consist of a collection of tests that provides a result allowing the user to
know if the input system works as expected. For the purpose of this framework, the test suites has a
sampling strategy as the input. Then, the test suite will use a selection of metrics to provide a set of
results. These results are obtained by comparing a reference simulation with the sampling done by the
selected strategy, similarly as it is done in [11]. In other words, a test suite works with a single

This project has received funding from the European Union’s EU Framework Programme for Research and Innovation
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scenario and a single sampling strategy, producing a set of results that describe the performance of the
sampling strategy in describing the EM environment of the simulation.

Figure 3 and Figure 4 present a graphical representation of the framework and a test suite respectively.
With the exception of the simulation, each of the parts is implemented as one or many programming
functions that will be the building blocks of the test suite. Next, the basics behind each of the blocks in
Figure 3 are explained.

Cold and
Warm
Sampling

Random
Sampling

Simulation 1

Test Suite Core

Systematic
Simulation Sampling Path Sampling
Simulation 2

Simulation 3

Metrics

o =

Figure 3. Graphical representation of the parts (building blocks) of the

Test Suite Core

Simulation Sampling Path

Simulation 2

|
|
: Sampling

Metrics

KS test

\EP

Figure 4. Graphical representation of the a test suite built with the framework.
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3.1.1. Simulation

There are many variables in the scenario like the size of the room, the quantity of passive and active
elements, and the frequency range that is desired to be sampled. All these variables can be simulated
by using an EM simulation tool like CST. With the tool, the goal is to simulate an in-situ environment
and obtain a reference matrix with the values of the EM fields. This matrix will contain all the real and
imaginary values for x, y and z axis. If W, L, and H are the dimensions of a rectangular room, and A
test is the wavelength of the test frequency, then the size of the matrix is m x 9 where m is:

W =«L=xH
Atest )’
10

This means that for each 10th of a wavelength there will be a value. The reasons behind it are to not
lose information because of a small wavelength, to have enough points for sampling, and that it can
accurately represent the behaviour of the EM fields of the simulation. The matrix will also be used as
the reference for sampling with all the strategies that define the path.

(1)

3.1.2. Sampling Strategies

The sampling strategies are used to create the path on which the antenna will travel. These strategies
can have different sets of rules for creating the path. All strategies will receive an obstacle matrix that
contains information on where the antenna cannot be located. At this moment of development of the
framework, 3 sampling strategies are available:

3.1.2.1 Random Sampling:

This strategy consists in using a pseudorandom generator for creating the coordinates. An example of
the top view of room with the locations marked is presented in Figure 5. The triangles are the
obstacles and the grey circles correspond to the locations of the antenna.

A A
A
A

Figure 5. Top view of random sampling in a room. The grey circles represent the location of the antenna and the blue
triangles represent the obstacles

3.1.2.2 Systematic Sampling:

Systematic sampling consists on using a grid system for creating the coordinates. This means each
coordinate will be equidistant from the other as possible. If there are elements in between, the
correspondent coordinates are omitted. An example of the top view in a room is presented in Figure 6.
The omitted coordinates are represented as line dotted circles.

This project has received funding from the European Union’s EU Framework Programme for Research and Innovation
Horizon 2020 under Grant Agreement No. 955.816.
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A A
A

Figure 6. Top view of systematic sampling in a room. The grey circles represent the location of the antenna, The line-dotted
circles are the omitted locations, and the blue triangles represent the obstacles

3.1.2.3 “Cold and Warm” Sampling:

This strategy is an educated approach when compared with the previous 2. The idea is to use the
sampled values to decide in which direction the antenna would move next. Figure 7 presents the
flowchart for creating each coordinate. The main goal of this strategy is to find the main sources and
the locations in the scenario where there is a high field concentration.

4 - ~
C>5 StarF ina random
location of scenario
andC=0
X

C<5 Select a random
direction to move

I

NO [ Select a new

Coordinate in the
same direction

:

Is there any YES
obstacle?

C+1

YES

NO
4 p
Sample the EM

fields
\ J

Higher Value?

Figure 7. flowchart for the logic behind the "cold and warm” sampling strategies

3.1.3. Metrics

The metrics correspond to a set of statistical characteristics, functions, and tests that are used to
compare the reference matrix with the sampled values obtained by the sampling strategies. At the
moment, these are the metrics available in the framework.

This project has received funding from the European Union’s EU Framework Programme for Research and Innovation
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3.1.3.1 Comparison by Mean and Variance:

when analysing statistical distributions, two essential properties used to characterize them are the
mean and variance. The purpose of this metric is to compare the reference and the sampled mean and
variance. In the case of multiple iterations, the output of the metric is calculated as in (2) and (3) where
ith is the number of iterations.

ith

=1

ith

1
2 2
08 =— ) 0}
s ichl
=1

(2)

(3)

3.1.3.2 Probability function for Maximumes:

Finding the maximum values of EM fields and their locations is of high importance when testing for
risk. It is then important to have a metric that will allow the test suite to give information on the
probability of finding the maximum values. This metric will give as output the difference between the
sampled maximum value to the reference maximum value. When multiple iterations are performed,
the metric will give the probability of measuring the maximum. It will be calculated as:

Ny
1
BPnax = ﬁs; g(fz(x))
(4)

Where g(f;(x)) is:

_ 1,  max(f;(x)) = 0.9 * max,es
g(fl (x)) {0, otherwise
(5)

3.1.3.3 Probability density function (PDF):

The PDF is utilized to look at the value distribution and the associated probabilities of each value
occurring within a given scenario. Comparing the PDF of the reference matrix and the sampled values
can help determine if the sampling strategy provides sufficient data to accurately depict the
characteristics of the EM fields. The major challenge of using the PDF is the calculation. To do it, it is
needed to know what is the probability distribution behind the event e.g. Gaussian, T-student,
Rayleigh. To solve this issue, kernel density estimation (KDE) [13] is used in the framework. The
estimated PDF is calculated by using the KDE formula (6) where p(x) is the probability for sample x,
N is the number of samples, and Kj, is the function of the kernel.

N
1
PO = 3 ) Knx = x7)
i=1

(6)

The kernel function K, can refer to any common distribution. The kernel function affects the
smoothness and sharpness of the estimated PDF. Using a normal distribution kernel gives a good
balance in not influencing substantially the estimated PDF. The calculation of the PDF can be

This project has received funding from the European Union’s EU Framework Programme for Research and Innovation
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interpreted as having a kernel K;, with altitude 1/N at each sample and adding all the kernels to get the
final result. A graphical representation can be seen in Figure 8.

016

10
Figure 8. Graphical representation of the KDE. The X represents a sample, the red dashed lines represent the kernel function
at each sample and the blue line is the estimated PDF after adding all the kernels [13].

Although KDE is a powerful tool, it has a drawback. The kernel function has an internal parameter h
that represents the width of the kernel. The value of h has a strong effect on the estimation. Then it is
important to select a good value of h according to the sampled values. To compare quantitatively both
estimated PDFs, the root mean square error (RMSE) between the reference and the sampled
distribution is calculated.

3.1.3.4 Cumulative density function (CDF):

Similar to the PDF, the CDF will display the probabilities of values appearing in the distribution, the
main difference is that it is displayed in a cumulative way. The CDF is calculated by using a histogram
with a number of bins equal to the number of samples in the sampled distribution. Same as the PDF,
the CDF of the reference matrix and the CDF of the sampled distribution are compared with the
RMSE.

3.1.3.5 Kolmogorov-Smirnov (KS) Test:

The KS test is a statistical tool used to compare a sampled distribution to a reference distribution. The
test has the aim to reject the null hypothesis that a random variable from an empirical distribution
belong to a reference distribution [14]. It is possible to use the KS test for 2 empirical distributions, in
this case the null hypothesis is that 2 random variables from 2 empirical distributions come from the
same distribution. In the case of the framework the 2 empirical distributions are the sampled
distribution and the reference distribution coming from the simulation.

If the result of the test is positive it means that the null hypothesis is rejected, then it is possible to
affirm with a 95% of certainty that the 2 empirical distributions do not come from the same
distribution. In case the result of the test is negative the null hypothesis is not rejected. Even with a
negative result, it cannot be affirmed that the 2 empirical distributions come from the same
distribution.

3.1.4. Test suite

The test suite core corresponds to the yellow structure presented in Figure 4. Figure 9 presents the
flowchart for the test suite. Each colour represents in which section of the test suite is carried that

This project has received funding from the European Union’s EU Framework Programme for Research and Innovation
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functionality when compared with the colours of Figure 4. This means the parts in yellow are done by
the test suite core.

ref. X, ¥,z
matrix functions

Sampled and ref.
matrix

Simulation
Sampling Algorithm
Calculated metrics )
for n iterations Test core suite

Metrics

results P Results

Figure 9. flowchart with the logic of the test suite. Each colour represents a part of the framework

Processed and sorted

The purpose of the core is to connect the reference matrix, the sampling strategy, and the metrics to
produce the results of the test suite. The core is designed to accept any block that has the correct
formatting for each section. It is important to mention that the core can use more than 4 metrics.

The test suite core needs two parameters for it to be complete. First, the number of samples Ng =
[n4,ny, ...,n;], to use for sampling the EM field. The second parameter corresponds to how many
times the test suite will be executed, ith. This parameter is only used if the sampling strategy is
dependent on a random variable as it is the only case in which two iterations of sampling the EM field
can give different results. In case both Ny and ith are given, the total amount of iterations is ith * i.

3.2. Example of using the framework

To present how to use the framework an example will be used. The example consists of using the
framework to construct two test suites for assessing the effectiveness of two distinct sampling
strategies in a low-complexity scenario. As previously stated, the test suite necessitates a simulation, a
sampling strategy, and a selection of metrics. Table 1 provides information on the scenario and
simulation. The monopole antenna is positioned in the centre of the scenario. The reference matrix for
the sampling in the test suite is derived from the simulation. This example aims to compare the
performance of the random and cold and warm sampling strategy, by constructing a test suite for each.

This project has received funding from the European Union’s EU Framework Programme for Research and Innovation
Horizon 2020 under Grant Agreement No. 955.816.
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Table 1. SCENARIO AND SIMULATION PARAMETERS

Parameter Value

Boundaries Free Space

Frequency of test 800MHz (Atest = 0.37 meters)
Scenario dimensions | 4 x 4 X 4 meters (&~ 11Atest)
Number of sources 1

Source type/model Monopole Antenna

Passive elements 0

For each test suite, the correspondent sampling strategy is fed to the test suite core. The functions from
the strategies are used in the test suite to create the paths and sample the reference matrix. An example
path for the random and cold and warm sampling for Ng = 100 is presented in Figure 10. Each red
circle in the mentioned figures represents a coordinate where the EM field is sampled. The sampled
values are used later for the calculation of the metrics.

2000 2000

1000 e Q] ° 1000 ] e
o R %A% o g e - e — |

-1
590 -1000 ~

-2000 >l
2000

-2000 5 —f — S .
2000

0 1000
-1000 0
-1000
2000 2000 00 e, —  -1000
-2000
a) b)

Figure 10. Paths for Ns = 100. a) random strategy b) cold and warm strategy

The primary objective of this example is to demonstrate the functionality of the framework; thus, all
available metrics are utilized to present the outputs. Table 2 and Table 3 present the values for the
sampling paths in Figure 10.

Table 2. RESULTS OF TEST SUITE FOR Ns = 100 AND ith = 1. PART 1

Result ID Mean | Variance | Maximum

Reference 8.63 12.96 31.24

Random-100 8.72 11.31 20.53

Cold and Warm-100 | 9.98 13.74 20.90

Table 3. RESULTS OF TEST SUITE FOR Ns = 100 AND ith = 1. PART 2

Result ID RMSE PDF | RMSE CDF | KS test
Random-100 0.02 0.03 not rejected
Cold and Warm-100 | 0.07 0.77 rejected

From these results, some conclusions can be drawn. It can be observed that the mean and variance for
the random sampling are close to the reference, but the maximum value is significantly different.
Furthermore, from the RMSE values in table 3, it can be seen that random sampling is closer to the
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reference than cold and warm sampling. Nonetheless, the test suites and frameworks are devised to
obtain multiple iterations and N values. To demonstrate the full performance of the test suite, a more
exhaustive test is conducted.

For the number of samples, Ny = [30, 70,100, 150] is given. Since both sampling methods are based
on random variables, it is possible to specify the number of iterations. In this case, the humber of
iterations is set to 1000. Therefore, for each sampling strategy, there will be 1000 iterations of
sampling the EM fields with 30 samples, 1000 iterations of sampling with 70 samples, and so forth.
The purpose of conducting such a high amount of iterations is to obtain an accurate representation of
how each sampling strategy performs in the target scenario. The outputs of the metrics are processed
to represent the performance of the 1000 iterations for each value of Ng. Table 4 and Table 5 present
the new results provided by the test suites.

Table 4. RESULTS OF TEST SUITE FOR Ns = [30, 40, 50, ..., 150] AND ith = 1000. PART 1

Result ID Mean | Variance | Maximum

Reference 8.63 12.96

Random-150 9.02 13.16 25%

Random-100 0.02 13.26 21%

Random-70 9.02 13.29 14%

Random-30 9.05 13.32 7%

Cold and Warm-150 | 9.17 11.60 16%

Cold and Warm-100 | 9.16 11.25 7%

Cold and Warm-70 9.15 10.90 5%

Cold and Warm-30 9.14 10.04 4%

Table 5. RESULTS OF TEST SUITE FOR Ns = [30, 40, 50, ..., 150] AND ith = 1000. PART 2
Result ID RMSE PDF | RMSE CDF | KS test
Random-150 0.05 0.06 72%
Random-100 0.02 0.03 77%
Random-70 0.03 0.04 84.24%
Random-30 0.07 0.06 89.5%
Cold and Warm-150 | 0.05 0.68 33.2%
Cold and Warm-100 | 0.07 0.67 39.9%
Cold and Warm-70 0.10 0.66 43.4%
Cold and Warm-30 0.12 0.12 49.3%

The available results from the test suites provide valuable insights that allow drawing several
conclusions. First, an increase in the number of samples leads to a reduction in the difference between
the mean metric and the reference mean, although the difference between 30 and 70 samples is greater
than the difference between 70 and 100 samples. Second, the PDF metric also demonstrates how
having a higher number of samples can help to reduce the error; however, it is not necessary to use
more than 100 samples to achieve a low error.

The results suggest that the random sampling method performs better than the cold and warm
sampling method. However, it is important to note that the purpose of this example is not to identify
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the best sampling method but rather to demonstrate how the results can be used to compare two
sampling strategies in a single scenario.

4. Application of Framework to a Large Dataset

Once the framework is defined it is intended to be used for finding the best strategies according to the
scenario. Then the natural next step is to apply the framework to a more complex scenario and test the
performance of the defined sampling strategies. This section dives into the explanation of the target
scenario plus its definition together with how the data for this application was generated.
Subsequently, the analysis and presentation of the results shows the performance of each sampling
strategy on key metrics, already demonstrating some trends and a glimpse of what can be applied for
in-situ measurements. Finally, a summary of the results is presented next to the conclusions of
applying the framework.

4.1. A Simple Scenario and Data Generation

The concept of a scenario is used when referring to the EM environments. This perspective serves as a
guiding categorization of various EM environments, facilitating the research conducted. Within this
research, a “’scenario” is defined not only as the EM fields existing on a given space but also
encompasses the tangible characteristics of the environment itself. This includes both passive and
active elements, the structural configuration of the space, and any additional factors that may influence
the behaviour of EM fields, such as the reflective properties of the environment. Thus, by viewing the
EM environment through the lens of a scenario, it becomes easier to analyse the intricate interplay
between electromagnetic phenomena and their physical surroundings.

The simple scenario under consideration for this study case is constructed based on existing training
data (further explanation on the dataset can be found in 5.1). A graphical representation can be found
in Figure 11.

Figure 11. graphical representation of scenario’s room with 3 sources

The target frequencies simulated encompass 100MHz, 500MHz, and 1GHz. This selection is grounded
in their inclusion within densely populated frequency bands, Fig. 2. flowchart for the process of data
generation predisposing them to heightened coupling phenomena. Looking ahead, it becomes
imperative for future investigations to extend the frequency range beyond 1GHz, particularly to
encompass bands utilized by technologies such as Wi-Fi, Bluetooth, and the emerging 5G networks,
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which are increasingly encroaching upon the spectrum up to 6GHz. The main holdback to including
these frequency bands in the current dataset, is the wavelength of these frequencies as they become
smaller making the simulation more complex and difficult to produce in quantity.

The second and third variables relate to the sources themselves, which in this dataset are monopole
antennas. The number of sources varies from 1 to 3, offering scenarios where sources operate without
mutual interference, as well as instances where complex interactions may occur. While the
consideration of more than 3 sources remains viable, such complexity is reserved for future
explorations. The spatial distribution of sources is pseudo-randomly determined to ensure substantial
differentiation from previous configurations and, in cases involving multiple sources, further
processing is needed to prevent spatial overlap.

Data generation was facilitated using full-wave simulation software. The general procedure followed
in the creation of the dataset is described in Figure 12. Each simulation yielded a dataset structured as
a 3D matrix, with dimensions of 34x34x34. This partitioning of the simulated room ensures a
minimum of 5 samples per wavelength at the 1GHz frequency, compensating to some extent for the
lack of temporal dependency consideration in EM wave propagation.

Zm

Generate Scenario with
random location of sources

!

Simulate for all target
frequencies

F 3

2Zm

Resul
e oz

>

si

Export simulation results for
processing in the framework

Figure 12. flowchart for the process of data generation

A total of 2400 simulations were conducted, each varying across different parameter sets. For instance,
simulations were configured with distinct target frequencies, ranging from 100MHz to 1GHz, varying
numbers of sources, and specific source coordinates. Repeating scenarios with differing frequencies,
additional sources, or altered source coordinates constituted separate simulations. The aim was to
maintain an equitable distribution of simulations across frequency and source configurations.

4.2. Application of the framework

An indispensable aspect of assessing the efficacy of each strategy lies in determining the number of
sampling points utilized. In this study, a spectrum ranging from 10 to 50 points was chosen, with
increments of 10 points. The rationale behind this decision stems from the convenience of conducting
10 measurements while acknowledging that 50 represents a practical upper limit for resource
expenditure during measurement endeavours. For a deeper understanding of the framework’s
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operations, the metrics employed, and the various sampling strategies discussed, readers are
encouraged to consult [15].

For this study, there was a significant adaptation in the framework: enabling a test suite to
accommaodate multiple simulations of a singular scenario. Consequently, each test suite now furnishes
the performance assessment of a sampling strategy across each iteration of the scenarios. Further
description of these simulations will be provided in the subsequent section.

Utilizing both the acquired data and the framework results, the following phase involved their
integrated application to evaluate the performance of the sampling strategies. The resultant output
comprised a tabulated summary, delineating the performance of each sampling strategy across each
simulation. With 2400 simulations conducted at three distinct frequencies, and considering the random
nature of 2 of the sampling strategies, each test suit necessitated a minimum of 30 iterations to ensure
robust results, conforming to the principles of the central limit theorem and yielding representative
behaviour for each strategy. Consequently, this culminated in the generation of approximately 13
million tables, each encapsulating performance metrics. The initial data reduction phase involved
collecting results with identical simulation and sampling strategy configurations.

This aggregation aimed to compute the mean values for each metric. This approach substantially
decreased data volume, resulting in 7200 consolidated tables. Subsequent categorization was
performed based on the different frequency choices or numbers of sources to facilitate analysis of each
primary variable. This categorization entailed taking results corresponding to identical frequency,
point count, and sampling strategy configurations, as well as those sharing identical numbers of
sources. Each of these categorizations yielded tables delineating the performance of each sampling
strategy within the specified categories. These tables were generated by identifying the sampling
strategy demonstrating superior performance across the metrics.

For instance, one category focused on scenarios featuring a single source, wherein all relevant results
were compared with their respective references to ascertain proximity. An example of such output is
illustrated in Table 6, portraying the outcomes of three test suites across various sampling strategies
for a shared simulation and sampling configuration employing 30 points.

Table 6. Example of results of the 3 strategies for a single scenario and the reference values. Mean, Variance and Maximum
values are in dbmV/m

Strategy Mean | Var Max PDF | CDF
Reference 54.52 1332 | 71.27 | O 0

Random 54.43 11.63 | 62.03 | 0.13 0.62
Systematic 56.08 1144 | 6393 | 0.14 | 0.67
Cold and Warm | 55.15 1746 | 67.60 | 0.11 0.73

Table 6 displays the metrics derived from each test suite alongside the reference values obtained from
the simulation, serving as the reference in the first row. Notably, the RMSE values for the estimated
PDF and CDF of the reference remain naturally at O, reflecting their alignment with the reference.

The process involved comparing each metric from every sampling strategy against the reference,
ultimately determining the strategy that exhibited superior performance for each metric. For instance,
as evidenced by Table 6, the random strategy demonstrated superior accuracy in approximating the
mean and variance, while the systematic strategy displayed a closer approximation to the correct shape
of the PDF. This comparative analysis was replicated across all categories, culminating in the creation
of a comprehensive summary table as in Table 7.
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Table 7. Example of results of the 3 strategies for the category of scenarios with a single source

Strategy Mean Var Max PDF CDF
Random 89.50% | 69.13% 18.76% | 51.35% | 48.02%
Systematic 10.37% | 12.46% | 36.79% | 47.40% | 43.20%
Cold and Warm | 0.13% 18.39% | 44.44% 1.23% 8.76%

The values presented in Table 7 encompass all simulations conducted for scenarios featuring a single
source and employing 30 sampling points. Interpretation of these results reveals that the random
strategy outperformed others in approximating the mean and variance approximately 89% and 69% of
the time respectively. Conversely, no clear preference emerged between the random and systematic
strategies regarding the PDF and CDF, with both strategies exhibiting similar performance
percentages. Additionally, it is noted that the cold and warm strategy approximated the maximum
value of the reference approximately 44% of the time.

Each categorization yielded a summary table structurally identical to Table 7, facilitating the
extraction of multiple insights. The subsequent section delves into the implications of these
categorizations and the content of the resultant tables. Upon collecting and categorizing all outputs
from the test suites, a multitude of conclusions emerged. Despite the data undergoing processing and
reduction, 30 tables of results remained uncategorized, preserving the significance of the underlying
data. Consequently, the next paragraphs present the principal findings alongside supporting data.

One primary conclusion drawn from the analysis is the superior performance of the random sampling
strategy compared to the other two strategies when employing a limited number of points. Figure 13
illustrates the results for scenarios featuring 1, 2, and 3 sources sampled with only 10 points. In the
depicted graph, curves adorned with circles denote outcomes from random sampling, those marked
with asterisks signify cold and warm sampling, while those designated with a cross represent
systematic sampling. Notably, the random sampling strategy exhibits a discernible advantage over the
other strategies in most cases. This occurs due to the skewed sampled that it is obtained by following a
systematic and cold and warm sampling strategy with only 10 sample points. By following a
systematic strategy, the samples are focused on a single plane, which ignores other values that relevant
for the spatial distribution of the electric field. Similar, as the cold and warm takes small steps into
finding the sources, 10 points does not give enough diverse information on the scenario for it to give
meaningful representation. However, when looking for proximity to maximum values and CDF
analysis, no distinct superiority among the three sampling strategies is evident, the main reason being
the low number of points for the calculation of these metrics which affects all strategies in the same
manner.
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Figure 13. Results of pseudo-random, systematic, and cold and warm strategy for 10 sampling points and scenarios
including 1, 2 and 3 sources

With an increased number of sampling points, the systematic strategy demonstrates superior
performance compared to the random strategy. Figure 14 depicts varying results for scenarios
involving 2 sources, with the number of sampling points ranging from 10 to 50. Notably, upon
reaching 20 points, the systematic strategy exhibits enhanced performance relative to the random
strategy, although their performance becomes comparable with further increases in sampling points. It
is worth noting that the actual difference in the values of RMSE between the systematic and random
strategies and their respective references is minimal, meaning that each was superior to the other only
in a fraction and not by far. Thus, the primary advantage of employing the systematic strategy lies in
its consistent results compared to the random strategy.
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Figure 14. Results of the Maximum metric of pseudo-random, systematic, and cold and warm strategy for scenarios including
3 sources

The cold and warm strategy is primarily aimed at identifying hotspots within the scenario. Analysis
reveals that this strategy outperforms the other two in this regard, only when the number of sampling
points exceeds 30, showcasing a clear advantage over the others. This trend is elucidated in Figure 15.
However, when evaluating other metrics associated with the cold and warm sampling strategy, its
performance lags behind that of the other strategies. Thus, it can be concluded that while the cold and
warm strategy excels at identifying hotspots, its efficacy in other metrics is notably inferior.
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Figure 15. Results of the PDF metric of pseudo-random, systematic, and cold and warm strategy for scenarios including 2
sources

Upon comprehensive analysis of results encompassing all scenarios, negligible differences in strategy
performance emerge concerning variations in the target frequency and the number of sources. This
trend is evident in Figure 16, which showcases the metric results of the random strategy across diverse
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scenarios. From these observations, it is apparent that variations in frequency and scenario minimally
impact the behaviour on the performance of the strategy in the metrics. It is though visible that
changing the number of sampling points changes the performance compared to other metrics, although
this is clearer when looking back at Figures 14 and 15. Nonetheless, further exploration is warranted,
particularly with higher frequency bands and more complex scenarios, to glean a deeper understanding
of these dynamics.
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Figure 16. Results of pseudo-random strategy for all scenarios including 1, 2, and 3 sources and using 10, 30 and 50
sampling points

The findings furnish valuable guidelines regarding the selection of sampling strategies under varying
circumstances. In instances where time constraints necessitate swift measurements, the random
strategy affords satisfactory results without necessitating an extensive setup of sampling locations,
thereby circumventing performance loss. Conversely, when ample time is available for measurements,
the systematic approach yields more consistent performance in all metrics. For scenarios prioritizing
the identification of hotspots, the cold and warm sampling strategy consistently outperforms others,
albeit requiring a substantial time investment for measurements.

Although giving enlightenment to practices to apply for EM field measurements, these results only
tackle the spatial location of the measurement setup, and for a simple environment. This can be mostly
compared to some of the guidelines that appear in standards where only a few locations are suggested
when it is not possible to use the same distance as in controlled environments. In this research, it is
believed that it has been shown the importance of actually having a good strategy to follow when
selecting the locations for measurements, besides the number of measurements done. Nevertheless, it
is implied that this research can work as a complement to existing measurement techniques, with the
purpose of enhancing the accuracy of the results. For the introduction of further guidelines on complex
scenarios future work is needed but this could be achieved by following the already created workflow
for this research.
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5. Neural Network for prediction of field distribution in a simple
scenario

The proposal now is to develop a case study involving the reconstruction of EM field behaviours
within predefined scenarios, based on measurements conducted in those scenarios using Al as the
motor for the reconstruction. The proposed tool aims to facilitate the identification of risks associated
with EMI. Similar cases can be found in the literature like [16], where a prediction of far-field is made
based on measurements of near field. Although the base for the prediction is also measurements, their
target is not the same.

Al has gained widespread application in resolving problems characterized by known inputs and
desired outputs, with the primary objective of discerning the relationship between the two, which is
useful for representing EM phenomena. While Al has experienced widespread adoption in various
domains, its utilization in EMC has gained traction relatively recently. Initially, Al techniques have
been applied to address numerous EM-related challenges, such as enhancing computational
electromagnetics [17], [18], [19] and solving scattering problems [20], [21], [22], [23]. Within the
specific realm of EMC, notable efforts include the application of convolutional neural networks
(CNNs) to facilitate the development of EMC management plans [24] Moreover, Al models have been
deployed to assist in the design and modelling of EMI sources [25], [26], [27]

Using Al to reconstruct or predict Electric field intensity in-situ is a new application. When looking at
other domains it is possible to draw parallels with those of signal and image processing. In signal
processing, it is common to handle time-dependent signals, which have similarities with the time-
varying EM fields, and the way these time signals are processed can work as inspiration for tackling
the processing of the EM fields measured. When looking at image processing, it is desired to leverage
its ability to distinguish features and spatial relations. CNNs are typically used to process the image
information. This principle can be extended to the context of understanding EM environments, where
information concerning the physical layout of the environment and partial electric field data are
available, enabling the mapping of these inputs to the overall behaviour of the field within the space as
it was the reconstructing the image based on these characteristics.

Various neural networks have been employed to tackle a wide array of challenges in the previously
mentioned fields. Notable among these neural networks are Linear Neural Networks (LNN) [28],
Multilayer Perceptrons (MLPs) [29], [30], Recurrent Neural Networks (RNNs) [30], [31], [32] and
Convolutional Neural Networks (CNNs) [21], [33], [34]. Table I will present an overview of these
neural networks and their applicability to the current challenge.

Table 8. Overview of Neural Networks Found in the Literature

Neural Network Specifics Pros for field prediction Cons for field prediction
. - . *  Works with a limited input.
+ Linear activation function . Py
« Easy to implement * Low performance for complex data
LNN * Input 1D array - . Lo .
*  Widely used for regression ¢ Limited input size

* Fully connected layer * No large preprocessing needed

+ Nonlinear activation functions |+ Works with a limited input. ¢ Limited input size
MLP + Input 1D array *  Widely used for regression * Possibility of negative values
+ Fully connected layer ¢ Represent more complex behaviors than the LNN |+ extra preprocessing is needed for the dataset.
. * Good for predicting spatial distribution * Needs the complete information on the electric
* Convolution based network . n
*  Good foridentifying features based on the room field to work best
« Exfract features and analyze . . .
CNN snatial locations characteristics * Computational expensive
P . . * Extensive documentation available on different ¢ Introducing extra information about the room is
+ Inputs can be 1 or 2-dimensional . ..
architecture not trivial compared to LNN or MLP
+ Made ft i tial
d ? SR * Great for processing the time-changing electric * Sameas CNN
ata - . .
RNN P € eing « Ifthe dataset does not include sequential data,

+ Based on CNNs field

. . the main advantage of the NN is lost
+ Inputs can be 1 or 2-dimensional &
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When contemplating an initial approach to modelling EM phenomena, Fully connected layers and
CNNs emerge as particularly promising candidates. LNNs offer simplicity and interpretability,
rendering them suitable for preliminary analysis and understanding of electric field data. Conversely,
CNNs are already used in some reconstruction tasks [35], [36] they are helpful for such tasks as they
provide a perspective of treating the problem as an image processing task, leveraging existing
techniques and insights from extensive research in this domain. While both LNNs and CNNs are
promising candidates, here only LNNs will be considered leaving CNNs for future implementations.

LNNs operate on a straightforward principle, where nodes are arranged in layers and interconnected.
This brings flexibility to the design and from there, multiple improvements can be made. This neural
network architecture is chosen for its simplicity and its ability to establish relationships between all
nodes, mirroring the interconnected nature of electric fields within a room.

This section will first explain the steps of the early-stage implementation of the LNN for a simple
Scenario. Then it will expound upon the results obtained demonstrating the feasibility of such a case,
and finally there will be a discussion on the implications and outline of future directions for this
research.

5.1. Implementation of Early-Stage Model

The graphical representation of the implementation is delineated in Figure 17. This figure shows each
step that was taken during the progression of the LNN, from the definition of the initial scenario to the
outcome of the LNN. Figure 17 serves as a navigational aid for the structure of this section.
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Assumption Generation g g

Simple Scenario ®

Simulation : Training & Choosing N
Time invariance of Scenario ini best model [N ICEIN

Only E field
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params

Validation Set
Figure 17. Structure of implementation.

In the course of this research, it is decided to start with a “simple” scenario and make relevant
assumptions that will lead to a model, from where improvements can be made. The primary objective
of this preliminary model is to assess the efficacy of an LNN in assimilating the radiation patterns
emanating from one or more sources and determining whether the behavioural characteristics can be
extrapolated from a limited set of samples. The assumptions taken for the initial scenario are presented
here:

e A “simple” scenario: as mentioned before, one of the roots of complexity is the environment.
In the case of this early-stage implementation, the environment will be an empty room with no
obstacles and no reflections.

e Using only the electric field value: In alignment with the real world, where only an electric
field antenna and a spectrum analyser will be used, the input for the model is confined to the
intensity value of the electric field.
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e Time invariance — predicting a “steady state”. This is considered to be the biggest
simplification done in the first step of the research. The initial example will only take a
“steady state” value for the prediction of the EM field in the room. The steady-state will be
represented by a single value of the intensity of the electric field. This value will be initially
the average through a window of time. It is important to mention that this will not represent
the full behaviour of the electric field, but it will be close to it.

e Simple source: The primary objective is to ascertain the possibility of making a model that
understands and can replicate the behaviour of the EM field from simple sources. The success
in replicating the behaviour from simple sources lays the foundation for progressing to more
complex sources. Other types of antennas like a dipole, horn, or log periodic antennas can
fulfil the role, but these are reserved for future research as the interaction between them is
more complex.

e Looking at a single plane: This simplification has 2 reasons behind it. The first and main
reason is that by separating the 3D volume of the room into planes, we can increase the
number of samples, basically making a dataset augmentation from the initial set of results. The
second reason is related to the structure of the NN. The initial structure will work better with
the amount of data in a 2D matrix than the 3D case. This limitation is planned to be solved in
future research.

Following the assumptions, the target scenario entails an unoccupied room with no reflections,
including between one to three monopole antenna sources. The main reason behind using a monopole
antenna as a source is the simple radiation pattern. Another viable option is a small dipole, but during
this research, it was not considered. The objective of the investigation is to ascertain the LNN’s
capacity to acquire knowledge concerning the radiation patterns and the intricate relation among
multiple antennas operating concurrently. The LNN inputs are a matrix including the sampled electric
field intensity, emulating values acquired through empirical measurements, the plane for the predictive
analysis, and the spatial coordinates of the source(s). The output is as a matrix including all the
electric-field intensity values corresponding to the designated plane.

5.1.1. Data Generation

In the field of electromagnetics, there are no readily available datasets tailored to the target problem.
Consequently, the need arises to generate a dataset to facilitate the training process. In this context, the
utilization of full wave simulators emerges as a robust means to procure a substantial dataset.

The dataset generation procedure entails simulating diverse scenarios in adherence to the
aforementioned assumptions. The target scenario follows some of the characteristics presented in
Figure 11. The walls of the room delineates a 2mx2mx2m room devoid of reflections, with monopole
antennas serving as sources, adhering to a simplistic radiation pattern. Key variables manipulated in
this scenario include the number of sources and their spatial distribution within the environment.
Employing a pseudorandom generator, source locations were systematically determined, ensuring an
equitable distribution of simulations for scenarios involving 1, 2, and 3 sources.

The simulations were conducted at frequencies of 100MHz, 500MHz, and 1GHz. The outcome of each
simulation manifested as a matrix containing the electric field values along the x, y, and z axes.
Subsequently, these matrices underwent preprocessing, partitioning the room into 34 x 34 x 34 cubes,
with data points sampled approximately every 5.8 cm. The dimension was selected to capture adequate
data points corresponding to the wavelength variations at the highest frequency of 1GHz. These
matrices constitute the raw input data for the NN.

5.1.2. Preprocessing

The primary objective of the preprocessing stage is to implement a structured format to the dataset
derived from simulations. The dataset is constituted by a compilation of sets, each comprising an input
and the corresponding expected output for the LNN. All electric field values within the dataset
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undergo normalization, scaling them between 0 and 1. This normalization practice is normally used to
enhance the efficiency of LNN learning and is a commonplace approach in neural network training.

A singular input within the dataset is composed of a 34 x 34 matrix, accompanied by information
specifying the Z-plane and the location of the source(s) for the given scenario. The 34 x 34 matrix
comprises 7 to 10 randomly selected samples, representing measured values within the scenario, with
all other cells set to 0. The correct output for the supervised training consists of a corresponding 34x34
matrix, featuring the values obtained from the simulation for each cell. The entirety of the dataset
comprises 82,620 sets, each encompassing distinct inputs and their corresponding outputs.

5.1.3. Neural Network Architecture and Training

As mentioned initially an LNN will be the selected architecture for this early implementation. This
type of NN has been used before in EMC as in [37], where is used for aiding CEM of time domain EM
simulations. Taking into account that this model will be the foundation for future improvement, it is a
promising first building block. The input layer is constructed by flattening the respective 34 x 34
matrix with samples, the Z plane, and the source locations. Correspondingly, the output layer produces
a single vector, subsequently transformed into a 34x34 matrix containing the predicted values of the
electric field.

Various configurations of this architecture, with diverse combinations of layers and neurons, were
explored while maintaining a consistent size of input and output layers. The output layer adopts a
sigmoid activation function, confining outputs to the range of 0 to 1, while ReLU or Tanh activation
functions are employed for hidden layers. The loss function used is the absolute error loss and the
Adam optimizer is utilized with a training step of 5e-5.

For the varying architecture, six distinct combinations were tested, each involving the addition of one
hidden layer. For architectures with 5 and 6 layers, a Dropout layer was introduced to mitigate
overfitting.

The comparative assessment of each architecture is conducted by analysing the loss in epochs for both
the training and test sets. Figure 18 presents the error for the test sets during the epochs. The
examination of the test error shows that the architecture featuring 3 hidden layers, the green curve,
yields the lowest error at the final epoch. Incrementing the number of layers does not improve the
performance, and in some instances, some peaks appear in the error curve, which can be indicative of
overfitting the training dataset in the respective epochs. Consequently, the selected architecture for
validation is the one with 3 hidden layers.
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Test Loss
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Figure 18. Test loss for different architectures

5.2. Results of Trained Model

Having selected the NN, the following phase involved assessing its performance using data external to
both the training and test datasets. The outcomes are delineated in Figure 19-21. The objective of these
figures is to demonstrate the best outcome and 2 cases where the NN struggles in making the
prediction. Figure 19, presents one of the cases where the LNN does a good work of predicting the
behaviour for a case with 2 sources, relatively close to it.

INPUT Samples OUTPUT

0.008 0.008

0.006

0.006

0.004 0.004

0.002 0.002
30 30 4
0 10 20 30 1000 0 10 20 30 01000
EXPECTED Relative error
0 0 0.30
0.008
3] 57 0.25
10 10 4
0.006 0.20

15 1 15 A1

20 A 0.004

25 A
0.002

0.000 0.00

Figure 19. Example of prediction for 2 sources, at 1000MHz, plane Z: -64.90cm
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Figure 20 reveals a challenge faced by the LNN in accurately capturing the circular shape of the
pattern, although exhibiting proficiency in approximating regions characterized by elevated field
intensity. Furthermore, Figure 21 accentuates the LNN’s increased struggle when confronted with
scenarios involving three sources. This observation suggests that, when dealing with more complex
behavioural patterns, the architectural configuration, while providing a commendable approximation,
may falter in furnishing precise predictions.

[Public]
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Figure 20. Example of prediction for 1 source, at 100MHz, plane Z: -77.27cm
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Figure 21. Example of prediction for 3 sources, at 100MHz, plane Z: 89.63cm
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When looking at the relative error in Figure 19-21, it is clear how the LNN struggles specifically with
the sharp changes, this can be a limitation of the selected architecture. One conclusion obtained from
the complete set of results is that the sampling has some effect on the predicted output. Moreover,
when looking at the efficacy of the model and the relation with the frequency, there seems to be no
effect on the performance of the network. More studies on the effect of the target frequency and the
sampling strategy will be tackled in future research.

6. Conclusions

In conclusion, this report presented a new methodology for characterizing EM fields according to
scenarios and presented some of the research done to prove its applicability for real measurements.
Initially a framework for testing various sampling strategies for EM field scenarios is presented,
demonstrating its versatility and effectiveness in creating test suites. Through examples, the
framework enabled the comparison of pseudo random, systematic and cold and warm sampling
strategies in low-complexity scenarios, revealing initial trends and guidelines that could be applied to
future measurements. The findings highlighted the efficacy of a pseudo-random strategy under time
constraints and the superior consistency of a systematic approach when time allows. Moreover, the
cold and warm sampling strategy emerged as a useful tool for hotspot identification, despite its time
demands and lack of additional metrics. The minimal influence of frequency variations and source
numbers on field distribution in simple scenarios suggests the need for further research in higher
frequency bands and more complex environments to enhance the understanding of these dynamics and
refine strategy selection guidelines.

Additionally, the study explored the development and evaluation of an Al model based on LNNSs for
predicting electric field behaviour in a controlled environment. Using datasets constructed from CST
software simulations, the model showed promising approximation capabilities, though its accuracy
diminished with increasing scenario complexity. Future research should consider alternative
architectures or combinations of models to improve performance in complex scenarios. This work
provides valuable insights into the application of NNs for predicting electromagnetic field behaviours,
laying a solid foundation for future advancements in EMC methodologies and contributing to the
ongoing evolution of risk-based approaches in EMC practices.
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