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ABSTRACT: Non-embedded uncertainty analysis methods are widely used in the field of electromagnetic compatibility (EMC). Their
essence is to construct a surrogate model to simulate the actual electromagnetic simulation process and obtain the desired uncertainty
simulation results through exhaustive sampling. However, when performing complex electromagnetic compatibility simulations, non-
embedded uncertainty analysis methods face an inherent problem. This problem arises from the excessive number of deterministic
simulations, which leads to computational inefficiency. In this paper, an active sampling strategy based on Bayesian optimization is
proposed. By selecting the locations of deterministic simulation sampling points in a more reasonable manner, the overall number of
sampling points required for the uncertainty simulation can be minimized, thereby improving the computational efficiency. Finally, the
effectiveness of the sampling strategy proposed in this paper was verified using a typical parallel cable crosstalk example and a lightning
electromagnetic pulse electromagnetic interference simulation example.

1. INTRODUCTION

Uncertainty analysis is a means of providing a scientific de-
scription of complex environments. In electromagnetic

compatibility (EMC) simulation, the actual electromagnetic en-
vironment is complex and difficult to describe. Therefore, it is
more reasonable to model some simulation inputs using uncer-
tainty variables (such as random variables and random fuzzy
variables) rather than using constant models [1].
Uncertainty analysis methods are divided into three cate-

gories, namely Monte Carlo method (MCM), embedded un-
certainty simulation methods, and non-embedded uncertainty
simulation methods [2]. MCM is uncompetitive due to its slow
convergence rate, which can be unattainable due to time cost
when a single deterministic simulation takes a long time [3, 4].
Because of the development of finite element simulation tech-
nology, commercial electromagnetic simulation software is
widely used in EMC simulation. The closed-source nature of
its solver means that embedded uncertainty simulation methods
lack competitiveness because they cannot be implemented [5].
Non-embedded uncertainty simulation methods have become
the mainstream research direction due to their applicability, fast
convergence, and high accuracy. They are also the first choice
for practical applications.
The essence of the non-embedded uncertainty analysis

method is to construct the EMC simulation process as a
surrogate model, i.e., a black box. Then, exhaustive sampling
is performed on the uncertain input variables, which are
substituted into the surrogate model point by point for calcu-
lation. Finally, the uncertainty analysis results are obtained.
Traditional surrogate modelling methods include stochastic
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collocation method (SCM) [6, 7], stochastic reduced order
models (SROMs) [8], etc. However, they all suffer from
dimensionality catastrophe problem, i.e., they are compu-
tationally inefficient when the dimensionality of uncertain
input variables is high. In recent years, some novel surrogate
modelling approaches have gradually received attention in
EMC field, such as Kriging Model [9], Radial Basis Function
(RBF) Neural Network [10], and Support Vector machine
(SVM) Model [11]. Their use can initially alleviate dimen-
sionality catastrophe problem, but has poor accuracy in dealing
with higher nonlinearity (meaning that the difference in the
simulation outputs is large as the inputs to the EMC simulation
change) of uncertainty analysis problems with poor accuracy.
Therefore, when uncertainty simulation is relatively complex,
the uncertainty analysis problem itself is more difficult. At
this point, the number of sampling points required by the non-
embedded uncertainty analysis method increases significantly,
with the inherent problem of computational inefficiency.
How sampling points are selected is a key to determining

the computational performance of non-embedded uncertainty
analysis methods. SCM selects sampling points based on gen-
eralized polynomial chaos theory [12]. SROM selects sam-
pling points based on the central clustering algorithm. Krig-
ing model [13], RBF Neural Network model [14, 15], and SVM
model [16] determine sampling points based on Latin Hypercu-
bic Sampling method. In addition, some new sampling strate-
gies have gradually gained attention. Bai et al. proposed a
Kriging Model sampling point selection strategy based on ge-
netic algorithms and centroid clustering algorithms [17]. Huo et
al. proposed a sampling strategy based onKriging-LSSVR [18].
However, these existing sampling point selection strategies are
relatively passive. (The EMC deterministic simulation results
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FIGURE 1. Simulation approach for non-embedded EMC uncertainty based on a surrogate model.

at the previous sampling point do not affect the selection of
the next sampling point, and still follow fixed principles such
as generalized polynomial chaos theory and Latin hypercube
sampling.) Therefore, sampling points cannot be adjusted in
a timely manner based on the characteristics of EMC deter-
ministic simulation. This passive property is the root cause of
the computational inefficiency under complex electromagnetic
compatibility simulation conditions.
Bayesian optimization originated from the field of artificial

intelligence, which is a reliable algorithm for performing op-
timal tuning of hyperparameters of the machine learning mod-
els [19, 20]. It selects the optimal training sampling points for
machine learning models by constructing Gaussian process sur-
rogatemodels and choosing reasonable sampling functions, and
is effective in dealing with complex electromagnetic compati-
bility simulation conditions. Bayesian optimization is essen-
tially an optimization algorithm, although it incorporates the
solution idea of surrogate model construction. In this paper,
we innovatively apply Bayesian optimization to EMC uncer-
tainty analysis method and propose an active sampling strategy
for the surrogate model to improve the overall computational
efficiency of non-embedded uncertainty analysis method.
The structure of this paper is as follows. A non-embedded

EMC uncertainty analysis method is introduced in Section 2.
In Section 3, an active sampling strategy for surrogate mod-
els is proposed. The effectiveness of the algorithm is verified
in Section 4 using a classical parallel cable crosstalk example
and the simulation example of electromagnetic interference of
lightning electromagnetic pulse. Section 5 summarizes this pa-
per.

2. INTRODUCTION TONON-EMBEDDED EMCUNCER-
TAINTY ANALYSIS METHODS
The process of non-embedded EMC uncertainty simulation is
shown in Equation (1), where ξ represents a set of random
events, which can be represented by random variables or ran-
dom fuzzy variables. In this example, it is assumed to be a com-
bination of events ξ1 and ξ2. xA(ξ1) and xB(ξ2) are EMC un-

certainty input parameters affected by random events. fEMC ()
is a stable EMC simulation solver, and non-embedded means
that no internal modifications are required. Finally, y(ξ) rep-
resents the EMC uncertainty simulation output. The process
of obtaining it is called uncertainty analysis, which can be rep-
resented by the mean, standard deviation, worst-case estimate,
probability density curve, etc.

y(ξ) = fEMC[xA(ξ1), xB(ξ2)] (1)

Assuming that random events can be described
by random variable models, i.e., ξ1 ∼ pdf(ξ1) and
ξ2 ∼ pdf(ξ2), large-scale sampling can be performed
based on probability density functions, with sampling points
Sξ,1 = [xξ,1(1), xξ,1(2), . . . , xξ,1(N)] and each point taking
the form xξ,1(i) = [xA,1(i), xB,1(i)]. N is a large number,
so it is clear that the computational cost of performing a
deterministic EMC simulation fEMC[xξ,1(i)] for each point to
obtain the uncertainty output result y(ξ) is high.
The research approach for non-embedded EMC uncertainty

simulation based on the surrogatemodel is shown in Figure 1. It
follows the above-mentioned large number of sampling points
Sξ,1 = [xξ,1(1), xξ,1(2), . . . , xξ,1(N)] to obtain n small sam-
pling points Sξ,2 = [xξ,2(1), xξ,2(2), . . . , xξ,2(n)] using Latin
Hypercube Sampling, where xξ,2(i) = [xA,2(i), xB,2(i)].
These n sampling points are input into EMC sim-
ulation solver fEMC () to obtain a combination of
point-by-point deterministic EMC simulation results
yunc = {fEMC[xξ,2(1)], fEMC[xξ,2(2)], . . . , fEMC[xξ,2(n)].
This simulation result is based on sampling point Sξ,2 being in-
cluded in the training set T = (Sξ,2, yunc). Each training point
is in the form of T(i) = {[xA,2(i), xB,2(i)], yunc(i)}. A com-
bination of n training sets T(i) = {[xA,2(i), xB,2(i)], yunc(i)}
is used as input to train the surrogate model. The process is as
follows:

ymod = M(xA, xB) ∼ fEMC(xA, xB) (2)
Among them, ymod is a surrogate model, which can be regarded
as a black box that can replace the deterministic EMC simu-
lation process. Different methods construct surrogate models
in various ways. Kriging Model is based on a geostatistical
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FIGURE 2. Research approach for active sampling strategies based on Bayesian optimization.

interpolation method, and RBF Neural Network is based on a
feedforward neural network and a radial basis function activa-
tion function, and SVM Model is based on statistical learning
theory classification and regression methods.
After constructing the surrogate model, many sampling

points Sξ,1 = [xξ,1(1), xξ,1(2), . . . , xξ,1(N)] can be entered
into ymod to estimate the results ymod(Sξ,1) for all points. The
purpose is to estimate fEMC(Sξ,1) approximately. Finally,
after a simple statistical analysis of ymod(Sξ,1), the results
of uncertainty analysis, such as mean, standard deviation,
worst-case estimate, and probability density curve, can be
obtained.
Notably, uncertainty analysis based on the surrogate model

only requires n deterministic EMC simulations, which is far
less than the N simulations required by MCM. In other words,
when the cost of a single EMC simulation is high, the surro-
gate model has a significant advantage over MCM in terms of
computational efficiency.

3. ACTIVE SAMPLING STRATEGY BASED ON
BAYESIAN OPTIMIZATION
For uncertainty analysis methods based on surrogate
models, the scientific selection of n sampling points
Sξ,2 = [xξ,2(1), xξ,2(2), . . . , xξ,2(n)] is critical for deter-
mining the accuracy of the surrogate model. There are two
key issues here: First, how to determine whether the surrogate
model has converged at a given number of sampling points.
This issue has been addressed by the method proposed in [21].
Second, it is critical to determine the rules for selecting
sampling points that can maximize the coverage of the random
variable space.
The Latin hypercube sampling method performs well in

terms of computational performance when the random variable
dimension is low, and the deterministic EMC simulation is non-

linear. This is because uncertainty analysis problem is rela-
tively simple at this point, and the entire random variable space
can be traversed with a small number of sampling points. How-
ever, when the random variable dimension is high, and the de-
terministic EMC simulation is highly nonlinear (complex elec-
tromagnetic compatibility simulation), the required number of
sampling points n will increase accordingly, until the time cost
becomes unfeasible.
Sensitivity analysis methods can be used for ranking and

dimension reduction in simulation problems involving high-
dimensional random variables. Bai et al. provided an excel-
lent solution [22]. Therefore, the focus of this study is on how
to deal with complex electromagnetic compatibility simulation,
and an active sampling strategy based on Bayesian optimization
is proposed, as shown in Figure 2.
Bayesian optimization framework mainly consists of two

parts, namely probabilistic surrogate model (note: this is not
the same concept as the surrogate model in the surrogate
model uncertainty analysis method mentioned in this paper)
and acquisition function. The most used probabilistic sur-
rogate model is Gaussian Process (GP) model. The mod-
elling process of this model is recursive, involving the con-
tinuous modification of model parameters to approximate the
current objective function. GP model is a non-parametric
model. Formally, each finite subset of the model follows a
multivariate normal distribution, consisting of a mean func-
tion m and a covariance function k. Given input samples
S2 = [x2(1), x2(2), . . . , x2(n2)] and their corresponding output
values yop,2 = {fEMC[x2(1)], fEMC[x2(2)], . . . , fEMC[x2(n2)],
the specific multivariate Gaussian distribution is as follows:

yop,2 ∼ N [m(S2), k(S2, S′2)] (3)

Among them, m(S2) is the mean function; k(S2, S′2) repre-
sents a semi-positive covariance matrix; k is the corresponding
covariance function, which is used to characterize the differ-
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ences between paired input points. Covariance function is also
known as kernel function. Commonly used kernel functions
include Gaussian kernel function, exponential kernel function,
and polynomial kernel function.
The next prediction point {x(∗), y(∗)} has the following

joint distribution with the training set:[
yop,2
y(∗)

]
∼ N

([
m(S2)
m[x(∗)]

]
,

[
K K∗
KT

∗ K∗∗

])
(4)

Among them,K is the covariance matrix formed by k(S2, S′2),
K∗ = k[S2, x(∗)], and K∗∗ = k[x(∗), x(∗)]. The conditional
distribution of the predicted value y(∗) also satisfies the multi-
variate Gaussian distribution:

p[y(∗)|x(∗), S2, yop,2] = N[y(∗)|µ∗,Σ∗] (5)

From conditional distribution properties of the multivariate
Gaussian distribution, Equation (6) can be obtained:[

x
y

]
∼ N

([
µx

µy

]
,

[
A C
CT B

])
⇒ x|y ∼ N(µx + CB−1(y− µy), A− CB−1CT ) (6)

Based on Equation (4), the estimated values of mean µ∗ and
posterior covariance

∑
∗ can be obtained.

µ∗ = m[x(∗)] +KT
∗ K

−1(yop,2 −m(S2)) (7)∑
∗

= K∗∗ −KT
∗ K

−1K∗ (8)

Based on the above principle, a GPmodel can be constructed
according to the training set T:

yGP = GPmod(xA, xB) ∼ f(xA, xB) (9)

As can be clearly seen from Figure 2, the GP model can be
continuously adjusted, and adjustments are made point by point
to maximize the convergence of the surrogate model.
Another key component of Bayesian optimization frame-

work is acquisition function, which is constructed based on
the posterior probability distribution N[y(∗)|µ∗,Σ∗] of the ob-
served samples. By maximizing the acquisition function, the
next most “promising” evaluation point can be selected. The
collection function needs to consider two aspects: First, har-
vesting function utilizes the currently developed area (Exploita-
tion), i.e., it continues to search near the current extreme value.
Second, harvesting function explores the undeveloped area
(Exploration), i.e., it searches in areas that have not yet been
searched.
It is worth noting that in optimization problems, the pur-

pose of Bayesian optimization algorithms is to find the op-
timal solution. Therefore, the algorithm’s ability to explore
unknown areas only plays a supporting role, with the aim of
preventing the omission of the global optimal solution. How-
ever, when being used for uncertainty simulation, exploring un-
developed areas is clearly more important, which maximizes
the descriptive power of the surrogate model for determinis-
tic EMC simulations. Common collection functions include

Expected Improvement (EI) function, the Probability of Im-
provement (PI) function, and collection functions based on con-
fidence boundaries, such as Upper Confidence Bound (UCB)
function. Among them, EI focuses on improving the optimal
solution ybest = minm≤k f(xm) of the current k sample points,
and the improvement value is recorded as max(0, ybest − y).
Therefore, when the next experimental point is selected, the
goal is to maximize the expected result of this value:

EI = max{E[yop,1(i)]} (10)

The difference is that expected variance (EV) uses the max-
imum variance value at existing grid points as the criterion for
judgement [23], with the aim of exploring unknown areas to
establish a more accurate Gaussian process model:

EV = max{σ[yop,1(i)]} (11)

Clearly, in uncertainty analysis methods based on surrogate
models, the key issue is how to quickly construct surrogate
models that accurately describe deterministic EMC simulation
processes. Therefore, EV should be selected as the sampling
function [24], which is also the key point in the innovative ap-
plication of Bayesian optimization to uncertainty analysis in
this paper.
Returning to the overall algorithm research approach in Fig-

ure 2,m sampling points Smξ,3 = [xξ,3(1), xξ,3(2), . . . , xξ,3(m)]
are initially selected based on Latin hypercube sam-
pling, with the number of points being less than the
actual number of convergent sampling points n. It is
worth noting that the usual meaning of “hyperparame-
ter” corresponds to “ξ” in Figure 2. Similarly, m sam-
pling points are subjected to a point-by-point deterministic
EMC simulation process to obtain the corresponding result
yunc,m = {fEMC[xξ,3(1)], fEMC[xξ,3(2)], . . . , fEMC[xξ,3(m)],
forming training set combination T = (Smξ,3, yunc,m). First,
an initial GP model is constructed for m sampling points.
The sampling function EV is used to select and increase the
number of sampling points point by point. Assume that the
m+1th sampling point is xξ,3(m + 1). A single deterministic
EMC simulation is performed on the m + 1th sampling point
to obtain fEMC[xξ,3(m + 1)], forming a new training point
combination T = (Sm+1

ξ,3 , yunc,m+1). By using Equations
(4) to (9), a new GP model can be obtained. Based on the
sampling function, the process of “selecting the next sampling
point→ performing a single deterministic EMC simulation→
applying Equations (4) to (9)” is repeated iteratively to obtain
the final training set T = (Snξ,3, yunc,n) for the surrogate model.
It is worth noting that the convergence criterion in [18] can
be used to determine whether to stop increasing the number
of sampling points. Finally, apply Equation (2) to construct
the final surrogate model, i.e., Kriging Model, RBF Neural
Network, or SVM Model.
In summary, the active sampling strategy based on Bayesian

optimization can effectively utilize deterministic EMC simula-
tion results. By increasing the number of sampling points point
by point, it can maximize the accuracy of the surrogate model’s
description of the EMC simulation process, thereby improv-
ing the overall computational performance of EMC uncertainty
simulation.
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FIGURE 3. Example of parallel cable crosstalk.

TABLE 1. Number of sampling points required under the Latin hypercube sampling method.

Surrogate
model

Number of
simulations

MEAM values
at 75MHz

MEAM values for the 1MHz
∼ 200MHz frequency band

SVM model 36 0.97 0.98
Kriging model 46 0.97 0.98

RBF neural network model 64 0.96 0.98

TABLE 2. Number of sampling points and MEAM values for two sampling methods.

Surrogate
model

Number of
simulations

MEAM values
at 75MHz

MEAM values for the 1MHz
∼ 200MHz frequency band

SVM model 10 + 12 = 22 0.96 0.96
Kriging model 10 + 24 = 34 0.97 0.99

RBF neural network model 10 + 37 = 47 0.97 0.98

4. VALIDATION OF THE EFFECTIVENESS OF ACTIVE
SAMPLING STRATEGIES

4.1. The Example of Parallel Cable Crosstalk
A classic parallel cable crosstalk example is used to validate
the active sampling strategy proposed in this paper, as shown
in Figure 3. To clearly present the sampling results, the param-
eters used in this paper are consistent with those in [18]. The
amplitude Em of the excitation source is 1V. Both conductors
have a radius of 0.1mm and a length of 0.5m. The horizon-
tal distance between the two conductors is 0.05m. All loads
are 50Ω. Both conductors are surrounded by vacuum, and the
relative dielectric constant and relative magnetic permeability
of the vacuum are both 1. The height of the cable is an uncer-
tain input parameter, which can be described by the following
random variable model:{

h1(ξ1) = 0.045 + 0.005× ξ1 [m]
h2(ξ2) = 0.035 + 0.005× ξ2 [m]

(12)

Among them, ξ1 and ξ2 are uniformly distributed random vari-
ables in the interval [−1, 1].
The overall simulation uncertainty output result is the remote

crosstalk voltage in decibels at each frequency point, as shown

below:

VdB(ξ) = 20 log10
|VL(ξ1, ξ2)|

|V0|
(13)

Figure 4 shows the simulation results of three types of ef-
ficient non-embedded uncertainty analysis methods: Kriging
Model, RBF Neural Network, and SVM Model. MCM is also
provided as standard data. Under the traditional Latin hyper-
cube sampling method, the number of sampling points required
for the three surrogate models is determined based on the con-
vergence criteria in [18], as shown in Table 1. Among them,
mean equivalent areamethod (MEAM) values represent the dif-
ference between the uncertainty analysis results and standard
data. The closer the value is to 1, the smaller the difference
is, indicating higher accuracy of the uncertainty analysis results
[22]. Detailed descriptions of all the above results can be found
in [18].
The uncertainty analysis results obtained using the active

sampling strategy described in this paper are shown in Fig-
ure 5, and the corresponding number of sampling points re-
quired is shown in Table 2. Among them, the number of sam-
pling points m = 10 for constructing the initial GP model is
S10ξ,3 = [xξ,3(1), xξ,3(2), . . . , xξ,3(10)]. Following the strategy
outlined in Figure 3, the process of “selecting the next sampling
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FIGURE 4. Uncertainty analysis results under the Latin hypercube sampling method. (a) Probability density curve results of VdB at 75MHz. (b) Mean
results for the 1MHz ∼ 200MHz frequency band. (c) Standard deviation results for the 1MHz ∼ 200MHz frequency band.

TABLE 3. The time cost of the active sampling strategy compared with the traditional sampling strategy in the parallel cable crosstalk example.

Surrogate
model

Active sampling strategies simulation Traditional simulation

Active
sampling
time

Uncertainty
analysis
method
time

Deterministic
simulation

time

Active
sampling
total
time

Latin
hypercube
sampling
time

Uncertainty
analysis
method
time

Deterministic
simulation

time

Latin hypercube
sampling
total
time

SVM model 3.4 s 1.50 s 0.46 s × 22 = 10.12 s 15.02s

0.01s

1.50 s 0.46 s × 36 = 16.56 s 18.07 s
Kriging model 5.3 s 1.54 s 0.46 s × 34 = 15.64 s 22.48 s 1.54 s 0.46 s × 46 = 21.16 s 22.71 s
RBF neural

network model
71 s 1.57 s 0.46 s × 47 = 21.62 s 30.29 s 1.57 s 0.46 s × 64 = 29.44 s 31.02 s

point→ single deterministic EMC simulation→ Equations (4)
to (9)” is repeated in a loop, with sampling points added one
by one. The convergence determination strategy follows the
rules outlined in [18] to achieve uncertainty analysis under three
surrogate models. The SVM model added 12 additional sam-
pling points, requiring a total of 22 sampling points, which is
22 ÷ 36 = 61% in the cost calculation under the Latin hy-
percube sampling method. The Kriging model added 24 addi-
tional sampling points, requiring a total of 34 sampling points,
which is 34 ÷ 46 = 74% in the calculation of costs under the
Latin hypercube sampling method. The RBF neural network
model added 37 additional sampling points, requiring a total of

47 sampling points, which is 47÷ 64 = 73% in the calculation
cost under the Latin hypercube sampling method. Therefore,
this example verifies that the active sampling strategy proposed
in this paper can effectively improve the computational perfor-
mance of the surrogate model method in performing EMC un-
certainty analysis.
It is worth noting that three MEAM values greater than 0.95

can ensure the accuracy of uncertainty analysis results [22].
As shown in Table 2, the active sampling strategy proposed

in this paper significantly reduces the number of determinis-
tic simulations. However, as shown in Table 3, due to the
short simulation time per run in this example, advantages of
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FIGURE 5. Uncertainty analysis results under the active sampling strategy proposed in this paper. (a) Probability density curve results of VdB at
75MHz. (b) Mean results for the 1MHz ∼ 200MHz frequency band. (c) Standard deviation results for the 1MHz ∼ 200MHz frequency band.

the active sampling strategy proposed in this paper are not fully
demonstrated. In order to demonstrate advantages of the active
sampling strategy, the following will introduce a simulation ex-
ample of lightning electromagnetic pulse electromagnetic in-
terference. It will discuss the computational cost, compared to
the traditional Latin hypercube sampling method, when a sin-
gle deterministic simulation takes a long time and needs to be
repeated many times. This will serve to verify the superiority
of the active sampling strategy proposed in this paper.

4.2. The Simulation Example of Electromagnetic Interference
of Lightning Electromagnetic Pulse
An example of electromagnetic interference of lightning elec-
tromagnetic pulse is used to validate the active sampling strat-
egy proposed in this paper. To clearly present sampling results,
the parameters used in this paper are consistent with those in
[24]. This calculation example is the prediction of the electro-
magnetic radiation interference of a lightning electromagnetic
pulse on the sensitive devices inside the aircraft, which is de-
rived from the example simulation case of COMSOL Multi-
physics software [25]. Because lightning only causes signifi-
cant electromagnetic interference to the aircraft for a short pe-
riod of time after its occurrence [26], the lightning current is
only modeled within 0 to 6µs, and the transient current curve
is shown in Figure 6. Simulated output is the electromagnetic
shielding effectiveness of the aircraft shielding effectiveness

FIGURE 6. Lightning current transient current curve within 0-–6µs
[24].

(SE), as shown in

SE = 0 lg
|V2|
|V1|

(14)

The transient simulation results of the aircraft surface electric
field at 2.5µs are shown in Figure 7.
Assuming that Lx and Ly coordinate values of lightning lo-

cation information are uncertain input parameters, described by
the following random variables model:{

Lx(ξ1) = −30− 2× ξ1 [m]
Ly(ξ2) = 8 + 2× ξ2 [m]

(15)
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TABLE 4. Number of sampling points and MEAM values for two sampling methods.

Surrogate model
Number of simulations
(Traditional simulation)

MEAM values
(Traditional simulation)

Number of simulations
(active sampling

strategies simulation)

MEAM values
(active sampling

strategies simulation)
SVM model 81 0.96 20 + 34 = 54 0.97
Kriging model 95 0.97 20 + 42 = 62 0.98
RBF neural

network model
125 0.98 20 + 59 = 79 0.97

TABLE 5. The time cost of the active sampling strategy compared with the traditional sampling strategy in the electromagnetic interference of
lightning electromagnetic pulse example.

Surrogate
model

Active sampling strategies simulation Traditional simulation

Active
sampling
time

Uncertainty
analysis
method
time

Deterministic
simulation

time

Total
time

Latin
hypercube
sampling
time

Uncertainty
analysis
method
time

Deterministic
simulation

time

Total
time

SVM model 8.3 s 2.23 s
4.26min × 54
= 230.04min

230.2min

0.5s

2.23 s
4.26min × 81
= 345.06min

345.1min

Kriging model 9.7 s 2.31 s
4.26min × 62
= 264.12min

264.3 2.31 s
4.26min × 95
= 404.7min

404.7min

RBF neural
network model

13.4 s 2.37 s
4.26min × 79
= 336.54min

336.8min 2.37 s
4.26min × 125
= 532.5min

532.5min

FIGURE 7. Transient simulation results of aircraft surface electric field
at 2.5µs [24].

where ξ1 and ξ2 are random variables uniformly distributed in
the interval [−1, 1], the value to be solved is the electromag-
netic SE of the aircraft.
The uncertainty simulation results of two sampling methods

are shown in Figure 8, and the corresponding number of sam-
pling points required is shown in Table 4. Among them, the
SVM model added 34 additional sampling points, requiring a
total of 54 sampling points, which corresponds to the compu-

tational cost 54 ÷ 81 = 67% under the Latin hypercube sam-
pling method; the Kriging model added 42 additional sampling
points, requiring a total of 62 sampling points, which corre-
sponds to the computational cost 62 ÷ 95 = 65% under the
Latin hypercube sampling method; the RBF neural network
model added 68 additional sampling points, requiring a total
of 88 sampling points, corresponding to computational cost
79÷ 125 = 63% under the Latin hypercube sampling method.
From the perspective of time cost, as shown in Table 5, the to-

tal computation time for the SVM model decreased from 345.1
minutes to 230.04 minutes; the total computation time for the
Kriging model decreased from 404.7 minutes to 264.3 min-
utes; the total computation time decreased from 532.5 minutes
to 336.8 minutes. Therefore, the active sampling strategy pro-
posed in this paper significantly improves the computational
efficiency of this example. The effect will be even more pro-
nounced when single deterministic simulations are performed
with longer durations and a greater number of iterations.
Therefore, this example verifies that the active sampling

strategy proposed in this paper can effectively improve the
computational performance of the surrogate model method
when performing EMC uncertainty analysis. It is especially
suitable for scenarios where the single deterministic simulation
time is protracted, and the number of simulations is elevated.
Similarly, three “MEAM values” greater than 0.95 ensure the
accuracy of the uncertainty analysis results [22].
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FIGURE 8. Uncertainty simulation results of two sampling methods. (a) Latin hypercube sampling. (b) Active sampling strategy proposed in this
pap.

5. CONCLUSION
For non-embedded EMC uncertainty analysis methods, this pa-
per proposes an active sampling strategy based on Bayesian
optimization, which improves computational accuracy by con-
structing surrogate models with fewer sampling points. This
strategy makes the reasonable use of all deterministic EMC
simulation results, effectively exploring the random variable
input space and selecting the next most “promising” sampling
point. Compared with traditional Latin hypercube sampling
methods, the active sampling strategy proposed in this paper
can theoretically handle complex electromagnetic compatibil-
ity simulation more effectively. In the typical parallel cable
crosstalk example, quantitative verification showed that the
numbers of deterministic simulations of the Kriging Model,
RBF Neural Network, and SVM Model were 74%, 73%, and
61% of those under traditional sampling strategies. In the sim-
ulation example of electromagnetic interference of lightning
electromagnetic pulse, quantitative verification showed that un-
certainty analysis time costs of the Kriging Model, RBF Neural
Network, and SVM Model were 67%, 65%, and 63% of those
under traditional sampling strategies, respectively, fully prov-
ing the effectiveness of the active sampling strategy proposed
in this paper.
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