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ABSTRACT: The uncertainty analysis method based on surrogate models is a current research topic in electromagnetic compatibility
(EMC) simulation. However, the research on its convergence determination remains underdeveloped. Based on the multi-surrogate
model integration technique, this paper proposes two convergence determination methods: one based on variance and the other on failure
rate. Researchers can select the appropriate convergence determination method based on specific application requirements, ultimately
identifying the optimal number of sample points to ensure the accuracy and efficiency in EMC uncertainty analysis.

1. INTRODUCTION

Uncertainties in system parameters due to fabrication toler-
ances and device characteristics can severely affect the sys-
tem response. Uncertainty analysis has been introduced into
EMC simulation in order to ensure an accurate evaluation of
system performance and to avoid costly redesigns [1]. The
computationally expensive Monte Carlo Method (MCM) was
widely used in early EMC uncertainty analysis for its high accu-
racy [2]. However, MCM poses significant challenges regard-
ing computational resources and simulation time, particularly
in large-scale and highly complex EMC simulations [3].

In recent years, with the development of machine learn-
ing, surrogate models have been widely used in EMC un-
certainty analysis for their high efficiency and low cost [4].
Lagouanelle et al. [5] utilized two surrogate models — Kriging
and Polynomial Chaos Expansion (PCE) — to analyze the un-
certainty of human electromagnetic exposure in an electric ve-
hicle Wireless Power Transfer (WPT) system. Wang et al. [6]
examined the Specific Absorption Rate (SAR) uncertainty in
the electric vehicle WPT system for specific human organs us-
ing a modified PCE. Trinchero et al. [7] explored the use of
Support Vector Regression (SVR) and Least Squares Support
Vector Regression (LSSVR) for uncertainty analysis in com-
plex EMC systems with high-dimensional parameter spaces.

The surrogate model-based uncertainty analysis method ad-
dresses the challenges of costly and inefficient MCM compu-
tations [8]. However, determining the optimal number of sam-
ple points remains a critical issue: too few sample points result
in inaccurate uncertainty analysis, with too many waste com-
putational resources. Accurately determining the convergence
of surrogate-based modeling for EMC uncertainty analysis is a
critical issue that must be addressed. In 2021, Bai et al. [9]
introduced a Mean Equivalent Area Method (MEAM)-based
convergence determination method for the Stochastic Reduced
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Order Model (SROM). However, its primary limitation lies in
its poor adaptability, making it unsuitable for determining the
convergence of other surrogate models. In 2024, Hu et al. [10]
enhanced the MEAM method to enable the convergence deter-
mination of surrogate models. However, this approach relies on
user experience to determine the required number of sampling
points, limiting its applicability.

To address the gap in research on the convergence determina-
tion of uncertainty analysis using surrogate models, this paper
proposes two methods based on variance and failure rate. The
two convergence determination methods are applied to three
widely used surrogate models: PCE, Kriging, and SVR. The
two convergence determination methods are proposed from the
perspectives of overall accuracy and system failure in EMC un-
certainty analysis, offering a multifaceted reference for select-
ing the optimal number of sample points for surrogate models.

The paper is organized as follows, Section 2 provides an
overview of uncertainty analysis and briefly introduces the
principles of three surrogate models: PCE, Kriging, and SVR.
The principles and steps of the two convergence determination
methods based on variance and failure rates are presented in
Section 3. In Section 4, the proposed convergence determina-
tion methods are applied to the three classical surrogate models
for the metal box shielding effectiveness example. Section 5
summarizes the paper.

2. UNCERTAINTY ANALYSIS METHODS BASED ON
SURROGATE MODELING

Uncertainty analysis methods typically use a random variable
model in vector form to characterize uncertainty factors, as
shown below:

§={&. &8, Em} (M

where ; is a random variable, £ a vector of random variables,
and m the number of random variables.
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The MCM is based on the weak law of large numbers, uti- where 3y = (FFR'F)"'F'R~ 'y, F=[1, 1, ..., 1 }T,
lizing a large number of sample points S; = [X1, Xs, ... , X;,]
to represent the random variable vector £. In essence, it con- R(x1,x1) R(x1,xn)
siders almost all sample points within the sample space, where R = : : , and r =
the number of sampling points is assumed to be n, and each R(Xn,X1) R(xXn,Xy)
sampling point X; is m-dimensional vector data as follows:
X; = {X;(1), X:(2),..., X:(4), ..., Xs(m)} (@) R(X}’X) »
Let Virig = R7' (y— BoF), then both
where X;(j) is a definite constant value, which corresponds to R (XN X)

&; in Equation (1).

To perform uncertainty analysis using the surrogate model,
the first step involves sampling the space (in this paper, the
Latin hypercube sampling method is employed) to obtain the
sampling points S2 = [X1,X2,..., Xy]. Next, a determinis-
tic EMC simulation is conducted on So to generate the training
set {x;,y;}¥ ;. The surrogate model § = M(x) is constructed
based on the training set. Finally, the response values on a large
number of sampling points S; are predicted based on the surro-
gate model to obtain the uncertainty analysis results.

This section describes the three surrogate models applied in
this paper: PCE, Kriging, and SVR.

2.1. PCE
The expansion of PCE is shown in Equation (3):

Z al‘Pl

where ¢;(x) is an orthogonal polynomial that depends on the
type of distribution of the random variable (the random vari-
able in this example obeys a uniform distribution, so ;(x) is a
Legendre polynomial). «; is the deterministic expansion coef-
ficient of the solution to be solved, which can be solved from
the training set {x;, y; } Y, by regression techniques [6].

The number of terms P (The number of chaos polynomials
in Equation (3)) of the expansion is shown in Equation (4):

U = Mpcg(x (3)

(m + q)!

P= mlq!

“
where m is the number of input random variables, and g is the
order of the expansion.

2.2. Kriging

As an interpolation model, Kriging generates interpolated re-
sults by linearly weighting the EMC simulation outputs y =
[y1, Y2, ... ,yN}T at the sample points S,.

Z WiYi

where w = [wy,ws ... wy]|T is the weighting coefficient, and
the response value of any point in the sampling space can be
obtained by giving the value of the weighting coefficient w.

From the conclusions drawn in the literature [11], the Kriging
model can be expressed as:

MKriging(x) = 50 + l‘T(X)R71

Y= MKrlgmg (5 )

(¥ — BoF) (6)
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Bo and V.4 are related only to known sample points.

2.3. SVR

SVR aims to learn the functional relationship between the in-
puts and outputs of the training set {x;,y; }?*,. The nonlinear
SVR is expressed as follows:

§ = Msyr(x) = (1, 6(x)) +b (7

where the nonlinear mapping ¢ (-) maps the m-dimensional in-

put space to the high-dimensional feature space. p is a vector of

nonlinear regression coefficients, and b is an offset parameter.
The SVR model is obtained from [7] as follows:

(A=)

Mz

Mgvr(x K(xi,x) +b (¥

i=1

where \; and A\ are Lagrange multipliers, and K (x;, X) is the
kernel function (K (x;, X;) = ¢(X;) - ¢(X;)).

3. TWO CONVERGENCE DETERMINATION METHODS
BASED ON VARIANCE AND FAILURE RATE

For the uncertainty analysis of surrogate-based models, this
paper proposes two convergence determination methods:
variance-based convergence and failurerate-based conver-
gence.

3.1. Convergence Determination Based on Variance

Variance evaluates the reliability of uncertainty analysis results
from a holistic perspective, quantifying the degree of fluctua-
tion in the surrogate model’s predictions. The variance of the
response values predicted by the surrogate model is given be-
low.

)

i=1

where Y; is the response value of the surrogate model for each
sample in a large number of sampling points S;; Y is the mean
of the predicted response values; and n is the number of sample
points for S;.

The variance-based convergence determination proposed in
this paper compares the surrogate model variance 62 with the
reference variance 52 to determine whether the current number
N of training sample points So satisfies the convergence con-
dition. In the study of [12] the variance of the MCM results
is used as the reference variance, and this method ensures the
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Algorithm 1

1: Selection of initial training sample points S2 based on LHS
2:  EMC Simulation y; = EMC|x|]

3: The training set {x;, y; }1, is obtained
4:  Constructing surrogate models § = M(x)
5: Surrogate model variance 6>

6: Calculation of tolerance ¢, = |&2 - 52’
7. if (3 > 9) then

8: N=N+d

9: Go to Step 2

10:  else

11:  //Checking for convergence

12:  for(k=1:3)do

13: N=N+kxd

14:  Implementation of steps 2—6

15:  if (1o > ) then

16:  Goto Step 2

17:  endif

18:  end for

19:  endif

20:  Converged surrogate models are output

accuracy of the convergence determination, but sacrifices the
computational efficiency, and even cannot be realized in com-
plex engineering. The reference variance 52 chosen in this pa-
per is the mean of the variance of the three surrogate models:
PCE, Kriging, and SVR. The integration of multiple surrogate
models not only reduces the computational cost to a great ex-
tent, but also reduces the overfitting or underfitting problems
that may occur in a single model, thus improving the stability
of the overall prediction [13]. PCE is well suited for the global
approximation of smooth response functions. The precise in-
terpolation capability of Kriging enables it to account for local
variations. SVR employs a kernel function to map data into
a high-dimensional space, enhancing its robustness in nonlin-
ear regions. Integrating these three surrogate models provides
a more comprehensive representation of the response feature
space, effectively addressing the adaptability limitations of tra-
ditional single-model approaches. The variance tolerance, de-
fined in Equation (10), serves as a convergence indicator.

by =6* - 5°| (10)

Algorithm 1 outlines the procedure for variance-based con-
vergence determination. First, the initial training sample points
S, are selected using Latin Hypercube Sampling (LHS). A de-
terministic EMC simulation is conducted on S, to generate the
training set {x;, y; } ;. Next, surrogate models are constructed
using the training set. The surrogate models are then applied to
predict the response values Y; at a large number of sampling
points Sy, and the variance of the surrogate model 62 is calcu-
lated. Finally, the tolerance 1, between the surrogate model
variance 62 and reference variance &2 is calculated. If the tol-
erance 1, exceeds the standard tolerance z/? (defined based on
actual requirements and set as ¢ = 5% x &2 in this paper),
the number N of training sample points is increased incremen-
tally by the step size d (d can be adjusted based on the specific
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Algorithm 2

1: Selection of initial training sample points S2 based on LHS
2:  EMC Simulation y; = EMC[x|]

3: The training set {X;, 3; };—, is obtained
4:  Constructing surrogate models § = M(x)
5: Failure rate Pf

6:  Calculation of tolerance ¢y = ‘Pf — Pf’
70 if (5 > ¢y) then

8: N=N+d

9: Go to Step 2

10:  else

11:  //Checking for convergence

12: for(k=1:3)do

13: N=N+kxd

14:  Implementation of steps 2—6

15:  if (15 > ) then

16:  Goto Step 2

17:  endif

18:  end for

19:  endif

20:  Converged surrogate models are output

needs of different cases or designers). When the tolerance v,
is less than or equal to the standard tolerance 1), the tolerance
1, 1s incrementally checked over three step sizes: N = N +d,
N = N + 2d,and N = N + 3d. If the tolerance 1, remains
less than or equal to the standard tolerance 1 in all three step
sizes, convergence is confirmed.

3.2. Convergence Determination Based on Failure Rate

Failure rates can be used to assess the reliability of uncertainty
analysis results in the perspective of system failure [14]. Let
R(x) denote the performance requirement of interest, and x is
the random variable input to the system. If the performance sat-
isfies the requirement, R(x) = 1; if not, R(x) = 0, indicating
system failure.

The failure domain refers to the portion of the EMC un-
certainty output where the system fails, i.e., the region where
R(x) = 0, denoted as F' = {x : R(x) = 0}. The failure rate is
defined as the proportion of the entire sample space occupied
by points within the failure domain. In this paper, the failure
rate is expressed using the probability density function (PDF),
as shown in Equation (11).

Pr= /F ple)de (1)

where p(e) is the probability density function.

Convergence determination based on the failure rate involves
comparing the failure rate Pf of the predicted response from
the surrogate model with the reference failure rate P to as-
sess whether the current number N of training sample points S
meets the convergence condition. The reference failure rate Py
is the average of the failure rates from the three surrogate mod-
els. Combining the failure rates of multiple surrogate models
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FIGURE 1. Schematic diagram of the shielding effectiveness example
for a metal box.

enhances the accuracy and stability of predictions. The defini-
tion of the failure rate tolerance is provided in Equation (12).

vy = |y - Py (12)

Similar to the steps outlined above for variance-based con-

vergence determination, surrogate models are constructed us-

ing the training set {x;,v;}~;. The failure rate Py is calcu-

lated from the predicted values of the surrogate model, and the

tolerance 4; between Pj and the reference failure rate P; is
computed. If the tolerance 15 is greater than the standard tol-

erance 1) t, the number of training sample points /V is increased
by the step size d, i.e., N = IN 4+ d. If the tolerance 9); is less

than or equal to the standard tolerance 1; +, and the tolerance v ¢

for the next three step sizes remains less than or equal to ¥ I
convergence is considered to have occurred. Algorithm 2 is
a code writing procedure for convergence determination based
on failure rate.

It is critical to note that selecting appropriate values for stan-
dard tolerance, step size d, and the number of initial sampling
points must align with the specific requirements of the engi-
neering application. Smaller standard tolerance and step size
imply higher accuracy, but slower convergence and lower com-
putational efficiency. This configuration is particularly advan-
tageous in scenarios characterized by low uncertainty, or when
high-precision results are paramount. Conversely, in cases with
substantial uncertainties, increasing the standard tolerance and
step size d becomes essential to maintaining acceptable con-
vergence speeds. Nevertheless, if the demand for accuracy is
extremely high, computational efficiency can be chosen to be
sacrificed. The choice of the number of initial sampling points
is based on the complexity of the problem, and the more com-
plex the problem is, the more the number of initial sampling
points is.

This paper proposes two convergence determination meth-
ods, based on variance and failure rate, to evaluate the conver-
gence of surrogate model-based uncertainty analysis from the
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FIGURE 2. Schematic diagram of the holes of the three-hole metal box.

perspectives of overall reliability and system failure, respec-
tively. In Section 4, the convergence of three surrogate models
— PCE, Kriging, and SVR — is analyzed using the metal box
shielding effectiveness example.

4. APPLICATION EXAMPLE

Metal boxes are commonly used to shield electromagnetic ra-
diation, and their surfaces typically require holes for power line
pass-through and heat dissipation. However, the size of these
holes can vary due to manufacturing tolerances, introducing
randomness [15].

In this paper, the three-hole metal box model from [14] is
used, as shown in Fig. 1. It is assumed that the lengths L1, Lo,
and L3 of the three holes in Fig. 2 are the uncertainty factors
for this example.

Ly, Lo, and L3 are described by the following random vari-
ables:

Ly =100 x (1+0.1 x &) [mm]
Ly =100 x (1+0.1 x &) [mm]
L3 =100 x (1+0.1 x &) [mm

(13)

where &1, €2, and &3 are uniformly distributed random variables
in the interval [—1, 1].

Assume that the frequency f = 40 MHz. The value of the
electric field strength at point P in the absence of a metal box is
calculated as Fy. The value of the electric field strength at point
P in the presence of a metal box is calculated as ;. The re-
sults of the shielding effectiveness at this frequency are shown
below:

Sg =20 x log,, (go) [dB] (14)
1

MCM is widely used as a reference in EMC uncertainty anal-
ysis. In this paper, the uncertainty analysis results of MCM are
used as standard data, with 5000 EMC simulations performed
at a large number of sampling points S;. The training sample
points Sy for the three surrogate models — PCE, Kriging, and
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FIGURE 3. Scatter plots comparing the results (shielding effectiveness [dB]) of the three surrogate models with those of MCM. (a) Comparison of
PCE and MCM simulation results. (b) Comparison of Kriging and MCM simulation results. (¢) Comparison of SVR and MCM simulation results.

SVR — comprise N distinct sampling points. EMC simula-
tions are conducted on the sample points to generate the training
set {x;,y; }2¥,, which subsequently facilitates the construction
of the surrogate model § = M(x). Ultimately, the results of the
uncertainty analysis are derived. Fig. 3 presents scatter plots
that compare the results of the three surrogate models with those
of the MCM, considering varying numbers of training sample
points (N = 20, 60, 100). As the number of training sample
points N increases, the accuracy of the surrogate models im-
proves. However, the scatter plots do not allow for the precise
determination of the IV value at which the surrogate model con-
verges. To assess the convergence of the surrogate model, this
section will employ two methods: variance and failure rate, for
convergence determination.
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4.1. Application of Variance-Based Convergence Determina-
tion Method to Uncertainty Analysis

Figure 4 presents the shielding effectiveness variance derived
from the three surrogate models: PCE, Kriging, and SVR. As
depicted in Fig. 4, the step size for the number of sampling
points in this example is d = 10. The standard tolerance
1 = 5% x &2, which is the 5% tolerance band in the figure.
As illustrated in Fig. 4, all three surrogate models converge at
N = 30 (In the three subsequent steps N = 40, N = 50, and
N = 60, the convergence condition v, < 1[1 is satisfied). From
a global standpoint, PCE, Kriging, and SVR converge simulta-
neously.

In order to further verify the accuracy of the proposed con-
vergence determination method, probability density curves and
Mean Equivalent Area Method (MEAM) are applied here.
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FIGURE 4. Variance convergence of shielding effectiveness.

0.6 S—
MCM
| X\ | —PCE(N=30) ||
0.5 / -1 \\\ — Kriging(N=30)
\ | —SVR(N=30)

S
'
T
—

Probability density(1/dB)
=t o ;
(38 (%]

=1
T

60 61 62 63
Shielding effectiveness(dB)

FIGURE 5. Probability density of shielding effectiveness.

Fig. 5 shows the probability density curves of MCM and the
three surrogate models when they reach convergence. It can be
seen that PCE, Kriging, and SVR are accurate after reaching
convergence.

The MEAM assessment yields a value ranging from 0 to 1.
As the value approaches 1, the difference diminishes, and the
accuracy of the uncertainty analysis results improves [16]. The
MEAM results for the three surrogate models are presented in
Table 1. The MEAM values for all three methods exceed 0.9,
with both Kriging and SVR surpassing 0.95. All three sur-
rogate models demonstrate high accuracy in their uncertainty
analysis results. Consequently, the surrogate models that con-
verge based on variance-based convergence determination ex-
hibit high accuracy.

TABLE 1. MEAM result.

MEAM
PCE (N = 30) 0.9384
Kriging (N =30) 0.9553
SVR (N =30) 0.9611

The variance-based convergence determination proposed in
this paper is compared here with the improved MEAM-based
convergence determination method proposed in [9]. Both
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methods judge convergence from the perspective of global per-
formance. The idea of convergence determination in [9] is as
follows: the initial number of sample points is selected as IV,
and the step size is 2N. The surrogate model is constructed
based on [V and 2N sample points respectively, and the MEAM
values of the two surrogate models before and after are calcu-
lated. If the MEAM value is greater than 0.95, it is determined
that 2N is the number of sample points where the surrogate
model converges. Table 2 shows the convergence determina-
tion process of applying this method in the example of this pa-
per. The initial number of sample points is consistent with the
variance-based convergence determination method.

The improved MEAM convergence determination method
is applied to determine the convergence of PCE, Kriging, and
SVR. SVR converges only at N = 20, PCE reaches con-
vergence at N = 40, while Kriging reaches convergence at
N = 80. This shows the lack of generalizability and flexibil-
ity of this method. Although SVR reaches convergence at a
faster rate with the determination of this method (compared to
the variance-based convergence determination proposed in this
paper), PCE and Kriging converge at a slower rate. Kriging,
which reaches convergence only at N = 80 in the improved
MEAM determination method, is a great waste of computa-
tional resources. The improved MEAM convergence determi-
nation method does not apply to Kriging. The variance-based
convergence determination method proposed in this paper is
able to integrate the properties of multiple surrogate models,
a property that makes it generalizable better than the improved
MEAM. In terms of flexibility, the improved MEAM chooses
a step size of 2N. This feature can lead to a step size so large
when the initial number of sample points is large that it can
waste computational resources and reduce efficiency.

4.2. Application of Failurerate-Based Convergence Determina-
tion Methods to Uncertainty Analysis

Various applications impose distinct requirements on the
shielding effectiveness of metal enclosures. In this paper, as
referenced in [17], it is assumed that the shielding enclosure
under consideration is a “general” electromagnetic shielding
box, with shielding index requirements of Sy > 60 [dB].
Hence, the failure domain for the shielding effectiveness of the
metal enclosure is as follows:

F = {x: Sp(x) < 60[dB]} (15)

The failure rate of shielding effectiveness, derived from the
three surrogate models — PCE, Kriging, and SVR — is pre-
sented in Fig. 6. The step size for the number of sampling points
is d = 10. The standard tolerance is ¢y = 5% x Py, corre-
sponding to the 5% tolerance band in the figure. As depicted
in the figure, PCE converges at N = 50. SVR achieves con-
vergence at N = 40. In contrast, Kriging converges only at
N = 30. Therefore, from the perspective of system failure,
Kriging can reach convergence at a faster rate.

To further validate the accuracy of the proposed convergence
determination method, both the probability density curves and
the relative errors of the failure rates are utilized. As observed
from the probability density curves of MCM and the three sur-
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TABLE 2. Convergence determination process based on improved MEAM.

N=10andN=20 N =20and N =40

N=40and N =80

PCE 0.9463
Kriging 0.8786
SVR 0.9921

0.9681 0.9838
0.8988 0.9867
0.9852 0.9642

TABLE 3. Failure rate and relative error.

failure rate relative error

MCM 24.39% /
PCE (N =50) 25.18% 3.24%
Kriging (N = 30) 21.49% 11.89%
SVR (N = 40) 24.41% 0.08%
0.27
0.26
0:25
]
20.24
o
E
= 0.233
(=9
= =Reference failure rate
0.22 +-5% Tolerance
©-PCE
0.21 -©-Kriging
=-SVR
O. L L L L L I I T I}
10 20 30 40 50 60 70 80 90 100
Samples N

FIGURE 6. Failure rate convergence of shielding effectiveness.

rogate models at convergence in Fig. 7, PCE, Kriging, and SVR
exhibit high accuracy upon convergence.

The shielding effectiveness failure rate results for the four
uncertainty analysis methods including MCM are shown in Ta-
ble 3. The failure rate Py of MCM is 24.39%, which is used as
a criterion. The relative errors in the failure rates of PCE and
SVR are minimal, suggesting that their results closely match
those of MCM. The relative error in Kriging’s failure rate is
slightly higher than that of PCE and SVR; however, its results
still fall within the high accuracy range. Therefore, the conver-
gence determination based on failure rate can precisely identify
the number of sample points needed for each surrogate model to
achieve convergence from the system failure perspective. This
approach ensures that the constructed surrogate models exhibit
high accuracy.

Finally, the computational efficiencies of MCM and the three
converged surrogate models are compared. A single EMC sim-
ulation takes 4.33 minutes, while running 5000 MCM simu-
lations requires 360.83 hours. PCE achieves convergence af-
ter 50 EMC simulations, requiring a total of 3.61 hours. SVR
reaches convergence after 40 simulations, taking 2.89 hours.
Kriging attains convergence with just 30 simulations, requiring
only 2.17 hours. The computational cost of surrogate model
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TABLE 4. Comparison of simulation time.

temc tmodle
MCM 360.83h /
PCE (N = 50) 3.6lh  3.5s
Kriging (N = 30) 2.17h 7.5s
SVR (N = 40) 2.89h  53s
0.6 ; : :
_ IMCM
A —PCE(N=50)
e z ;\ —Kriging(N=30)
= ZZ \ —SVR(N=40)
S04 XS\
E %
S50.3
= ZZ \
= 3
£0.2
fa)
2
& 0.1
0 ‘
58 59 60 61 62 63 64

Shielding effectiveness(dB)

FIGURE 7. Probability density of shielding effectiveness.

predictions is negligible compared to that of EMC simulations.
The computational time required for each method is summa-
rized in Table 4. The surrogate model-based uncertainty analy-
sis method demonstrates a significant efficiency advantage over
MCM.

5. CONCLUSION

To address the gap in convergence determination within sur-
rogate model-based uncertainty analysis, this paper introduces
two convergence determination methods based on variance and
failure rate. By integrating the variance or failure rate of the
PCE, Kriging, and SVR models as reference standards, the is-
sues of overfitting and underfitting associated with individual
models are effectively mitigated (e.g., the relative error in the
failure rate of SVR at N = 40 is only 0.08%), thereby en-
hancing the robustness of the convergence determination. The
two convergence determination methods can be used to deter-
mine the convergence of the surrogate model from the perspec-
tives of global and system failure, respectively. The variance-
based strategy pays more attention to global performance, while
the failure rate-based strategy pays more attention to the sys-
tem failure risk. This paper breaks through the limitation of
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the traditional single evaluation index and provides a flexible
selection basis for different engineering requirements (system
stability priority vs. fail-safe priority). Finally, the practicality
and reliability of the two proposed convergence determination
methods are verified by analyzing the uncertainty of the three
surrogate models in the metal box shielding effectiveness ex-
ample.
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