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Abstract—This paper presents three different metamodels for
the prediction of the maximum current induced on key vehicle
electronic units during an automotive radiated immunity test.
The proposed modeling approach is based on a Thevenin circuital
interpretation of the test setup which is estimated from a small
set of measurements or simulations. The FFT-based trigonometric
regression, the support vector machine and the Gaussian process
regression are then applied to provide three different metamodels
able of predicting the spectrum of the induced currents for
any value of the incidence angle of the external EM field. The
accuracy and the convergence of the proposed alternatives are
investigated by comparing model predictions with the results
obtained by means of a parametric full-wave electromagnetic
simulation.

Index Terms—Vehicle radiated immunity test, metamodel,
Support Vector Machine (SVM) regression, Fast Fourier Trans-
form (FFT), Gaussian Process Regression (GPR), numerical
simulation.

I. INTRODUCTION

Metamodels have been widely used in many applications
for both optimization purposes and uncertainty quantification,
since they provide an efficient and accurate alternative to
brute force approaches based on expensive full-computational
models. Well-known examples are represented by standard
regression and interpolation techniques [1] (e.g., least-squares
regression, ridge regression, spline bases, etc..) and machine
learning approaches (e.g., Gaussain Process [2], [3], Support
Vector Machines [4], [5], Bayesian approaches [6], etc...).
The above techniques allow building compact and accurate
metamodels of the original system starting from a limited
set of responses computed with the full-computational model,
usually referred to as training samples.

This work investigates the effectiveness of the metamodels
for a specific application belonging to the electromagnetic
compatibility (EMC) framework, such as the automotive radi-
ated immunity test [7], [8]. The goal is to develop a metamodel
for the above test setup able to predict the spectrum of the
maximum current induced on the electronic central unit (ECU)
placed inside a vehicle illuminated by a an electromagnetic
(EM) field for any value of the azimuth propagation angle.
Such model allows a fast assessment of the compliance of the
vehicle with the maximum filed levels imposed by the EMC
standards [9].

To this aim, a Thevenin-based circuital interpretation [10]
of the setup has been developed based on a one-port scattering
measurement and a small set of tabulated frequency-domain
data obtained from either full-wave simulations or experimen-
tal results. Then, a trigonometric regression based on the fast
Fourier transform (FFT), the support vector machine (SVM)
regression and the Gaussian process regression (GPR) are
adopted to build three different models of the voltage source
as a function of the incidence angle. The resulting Thevenin-
based metamodels allow efficiently predicting the maximum
level of the induced currents. A similar idea based on the SVM
along with an iterative approach has been recently presented
in [8]. This paper investigates the model accuracy of several
regression techniques in the extreme case in which the number
of training samples is less than 16. The main features and
the convergence of the each metamodel are investigated by
comparing their predictions with the results of a full-wave
simulation with CST Microwave STUDIO.

II. RADIATED IMMUNITY TEST: SIMULATION &
THEVENIN EQUIVALENT

A. Simulation Setup

The radiated immunity test aims at recording the maximum
level of the noisy current spectra induced on the main ECUs
of a vehicle placed on a rotating floor by an external EM
field. The above measurement setup has been implemented in
CST Microwave STUDIO. The vehicle under test is modeled
as a perfect electric conductor (PEC) structure of dimension
(3.6x1.55x2.2) m* with four apertures of dimensions (0.55 x
1.3)m? and (0.38 x 0.95)m? representing the body of the
vehicle and its front and lateral windows [8]. The ECU has
been modeled via a lumped load Z, which is the far-end
termination of a 1-m long transmission line placed inside the
vehicle at a fixed heigh of h = 18 cm w.r.t. the ground plane.
The line is terminated at the near-end with the lumped load
Zs(w). The external incident field consists of a plane wave
with a vertical polarization for the E-field of amplitude 1 V/m,
where the azimuth angle ¢ € [0, 27| to mimic the effect of
the rotating floor. The simulation setup allows providing the
spectra of the current I} (w;¢) induced on the transmission
line far-end by the incident plane wave for any value of the



azimuth angle ¢ in the frequency bandwidth from 1 MHz to
600 MHz via a parametric simulation.
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Figure 1: Proposed Thevenin-based circuital interpretation
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B. Thevenin-based Equivalent

Within this work, the above test setup has been modeled
via the Thevenin equivalent shown in Fig. 1. The Thevenin
equivalent is estimated from two different sets of measured or
simulated data. First of all, the equivalent impedance of the
structure is estimated via a one-port scattering characterization,
where the S1;(w) parameter is measured or simulated at the
ECU port (i.e., the far-end of the transmission line) for a
fixed impedance Zg(w) and without the incidence field. The
equivalent impedance Z.,(w) is then calculated as:

_ 1 + Sll(w)
- 1-— Sll(w)

for any angular frequency w within the frequency bandwidth
of the simulation.

Once the equivalent impedance Z., has been calculated
via (1), the equivalent Thevenin source Veq(w;(bi) can be
suitably estimated from the spectra Iro(w; ¢;) of the current
induced on a known load Zj, for a given set of angles ¢;
with ¢ = 1,..., N, as follows:

Zeg(w) 509). 1)

Veq(w; ¢i) = Iro(w; ¢i)(Zeq(w) + Zro(w)). 2

Finally, the obtained Thevenin equivalent allows estimating

the current I;(w,¢;) induced on a generic load Zp (w),

representing the input port of the ECU, for a given set of
angles ¢, [8]:

Veq (wv ¢1)
Zeq(w) + Zp(w)

III. METAMODEL OF V,

I (w, ¢;) = 3)

The Thevenin equivalent presented in the previous Section
allows predicting the spectrum of the noisy current I, (w, ¢;)
induced on a generic load Z;, for a discrete set of incidence
angles {¢;}¥ . Indeed, V.,(w;@;) is known only for the
discrete set of angular values ¢; used in (2). Regression
techniques can be used to overcome the above limitation,
leading to a metamodel able to approximate the real and
imaginary parts of the voltage V.,(w;®) for any value of

the incidence angle ¢ € [0,2n[. Three different regression
techniques are considered. For the sake of notation simplicity,
in the following formulation we consider the simplified case in
which Ve, (w; ¢) € R. However, in the actual implementation,
two different regressions have been trained in parallel by
considering the real and the imaginary part of the available
samples of V., (w; ¢;).

A. FFT-based Trigonometric Regression

A trigonometric regression can be considered as the most
straightforward way to account for the periodic behavior
of the source V,(w;¢) with respect to the angle ¢ (e.g,
Veq(w; 0) = Vey(w; 2m)) [10]. For a given angular frequency
wo, the regression writes:

—LN/2]

>

n=—|N/2|

V;—:q,FFT(UJO; ¢) = V:—zq,n(w()) exp(jn¢)7 (4)

where the coefficients V., ,, can be efficiently computed by ap-
plying the FFT algorithm on the training samples Ve, (wo; ¢;)
for i = 1,..., N, since the angles {¢;}}¥, are uniformly
spaced. Such procedure can be easily extended to the case of
non-uniform spaced samples via a least-squares formulation.

B. Support Vector Machine (SVM) Regression

The SVM regression can be adopted to provide a periodic
metamodel for the source V., (w;¢). For a given angular
frequency wq, the SVM regression in the dual-space writes [4]:

N
Veg,svm(wo; @) = Zﬂi(WO)K(¢i> ®) + b(wo), (5
i—1

where f3;(wp) and b(wp) are the frequency-dependent coeffi-
cients and bias term, respectively. Such regression unknowns
are computed by solving a quadratic optimization problem
which involves the minimization of the so-called e-intensive
loss function [4].

For this specific application, the kernel K (¢;, ¢) has been
defined via the periodic regularized Fourier expansion [4]),
which writes:

1-— q2
2(1 — 2q cos(é; — ¢) + ¢?)
It is important to remark, that different from a plain least-
squares regression, the optimization behind the SVM regres-
sion do not only minimize the e-intensive loss function, but it

also tries to keep the values of the coefficients 3; as lower as
possible, thus avoiding overfitting.

K(¢i,0) = for 0<q<1. (6)

C. Gaussian Process Regression (GPR)

The GPR can be used to provide the user with a probabilistic
model. At a given angular frequency wy, the actual value of
the voltage source V,(wo; @) can be approximated in terms
of the following Gaussian precess [2]:

‘/eq(wm ¢) ~ gpwg (07 k(¢7 (b/))? (7)



with zero mean and covariance function k(¢’, ¢). The latter
provides the correlation between the value of V., at ¢ and ¢'.
Also, in this case a periodic covariance function is used:

k(o.0) = atexp (~ s alo— o). ®

where o and [ are the hyper-parameters associated to the
covariance function.

Different from the regressions in (4) and (5), the GPR
in (7) provides for any value ¢, € [0,27[ a probabilistic
interpretation of the value V,,(wo; ¢.) in terms of a Gaussian
probability distribution:

Veq.apr(wWo; @) ~ N (g, (wo), U?a* (wo)) ©)

where the mean py, (wo) and the variance 0'35* (wo) are com-
puted from the available training samples and the covariance
k(-,-) (see [2] for additional details).

The above probabilistic formulation of the model output
allows predicting the upper and lower bounds of the confidence
interval (CI), such that given the available information on the
training samples, the actual value of V4(wo; ¢) writes:

Veg(wo; @) €

[, (wo) — 21-504, (wo), ko, (wo) + 21-g 04, (wo)]
(10)

with a probability of 100(1—a))%, where z denotes the inverse
of the Gaussian cumulative distribution function evaluated at
1 - % The bounds of the V., gpr defined by Cls can be
propagated through the corresponding bounds of the induced
current via (3) by using the interval arithmetic [11].

IV. VALIDATION

The effectiveness of the three metamodels presented in the
previous sections is investigated by considering the current
spectra I, (w; ¢) induced by an external EM field with azimuth
angle ¢ € [0, 2| for the case of a reactive ECU load Z, (w) =
Rp + jwLp 4+ 1/jwC, where Ry, =109, Lz, = 0.1uH and
Cr, = 0.1nF, and with Zg = 1k2.

The parameters of the Thevenin equivalent in Fig. 1, have
been calculated from (1) and (2) by considering the scattering
parameter and the current samples Io(w;¢;) provided by
the full-wave solver of CST Microwave STUDIO via the
simulation setup described in Sec. II.1, with Z; o = 508 #
Z1(w). The accuracy and the convergence of each of the
three metamodels are investigated for an increasing number
of training samples N = 7 and 15 (i.e., the number of current
spectra used to train the metamodels).

As a fist validation, Fig. 2 shows a comparison among the
current magnitude I, (27 fo; &) for fo = 403 MHz obtained via
the results of a parametric CST simulation for 150 different
values of the incidence angle ¢; with the ones predicted by
the metamodels based on the trigonometric regression, SVM
regression and the 99% CI predicted by the GPR built with

Table I: Comparison among the RMSE computed by compar-
ing the results of a full-wave parametric simulation with 150
angular samples and the corresponding ones predicted by the
proposed metamodels built with a limited number of training
samples (N =7 and N = 15).

Method J%M:S],EF 15 l\iSi—E 5
FFT 7.0189 x 10% | 4.4483 x 102
SVM | 6.6096 x 10% | 4.3280 x 10%
[ GPR ] 6.5782 x 107 [ 4.3958 x 10 |

few samples (i.e., with N = 7 and 15 training samples). The
results obtained with N = 7 highlight the importance of the
CIs provided by combining the GPR with the interval analysis.
Indeed, even if the number of training samples is not enough
to get an accurate model, the CIs (green area) predicted by the
GPR provide a conservative estimation of the actual maximum
level of the current I, (27 fo; ¢) with respect to the angle ¢.
On the other hand, for N = 15, the CIs become smaller and
the results of the three metamodels are almost equivalent.

As a final validation, Fig. 3 compares frequency by fre-
quency the values of the maximum level and the mean values
of the current I, (w; ¢) estimated by the three models with 150
CST simulations in the bandwidth 1 MHz to 600 MHz. Also in
this case, the results show the capability of the CI computed
with the GPR of providing a conservative estimation of the
actual maximum value of the current spectra I, (w; ¢), when
only N = 7 training sample are available (see the green area).
However, again the three methods are almost equivalent for
N = 15. In the above results, ¢ = 0.5 in the SVM kernel
of (6) and the hyper-parameters for the covariance function
in (8) take the following values: ¢ = 1,1 = 5.5 for N =7
and 0 = 3.5, { =1 for N = 15.

A more detailed overview on the model accuracy is given
in Tab. I in terms of their root-mean-squared error (RMSE).
The error values show that the metamodel based on the GPR
is the most accurate for NV = 7, and that the SVM metamodel
is the most accurate for N = 15, but in both cases the
accuracy provided by the two models are very close each
other. Summarizing, the three metamodels can be considered
as good candidates for the prediction of the maximum currents
induced during a radiated immunity vehicle test. However, the
one based on GPR seems providing the best results in the
extreme case when few training sample are available (i.e., less
than 10).

V. CONCLUSIONS

This paper deals with the development of an accurate and
efficient metamodel for the prediction of the maximum current
spectra induced in a radiated immunity vehicle test via a
Thevenin-based circuital intrepretation. Such circuital interpre-
tation, estimated from two sets of measured or simulated data,
is then combined with three different regression techniques to
get a metamodel able of approximating the current values for
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Figure 2: Magnitude of the current I (27 fy;¢) for fo =
403 MHz as a function of the angle ¢. The reference responses
obtained via a parametric full-wave simulation with 150 angu-
lar samples are superimposed with the corresponding values
predicted by the proposed metamodels built with N = 7 (top
panel) and 15 (bottom panel) training samples.

any value of the azimuth angle of the incident EM field.

The accuracy and the robustness of the considered re-
gression techniques has been investigated by comparing their
prediction with the reference results provided by a parametric
full-wave simulation. According to the results, the metamodel
based on the GPR seems to be the most reliable one when
only few training samples are available.
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