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ABSTRACT: Polynomial Chaos Expansion (PCE) is widely utilized in uncertainty quantification (UQ) for electromagnetic compatibility
(EMC) due to its robust global predictive capabilities. However, its computational overhead increases exponentially with stochastic
dimensionality, leading to the notorious curse of dimensionality. To address this bottleneck, this paper proposes a generalized prepro-
cessing dimensionality-reduction framework designed to enhance the performance of PCE. By decoupling dimensional screening from
predictive modeling, the proposed framework first employs low-cost estimators to identify significant random variables. Subsequently,
an improved PCE model is constructed within the reduced feature space. Given the prohibitively high computational cost of acquiring
EMC simulation samples, this study instantiates a screening module within the framework that integrates Least Squares Support Vector
Regression (LSSVR) with Sobol indices. Finally, the proposed framework-based method is applied to a cable crosstalk case study to
validate its effectiveness and engineering applicability.

1. INTRODUCTION

Uncontrolled variations in system parameters — stemming
from manufacturing tolerances, material aging, and

operating conditions — can severely degrade EMC perfor-
mance [1, 2]. Consequently, UQ has garnered increasing
attention within the EMC community [3]. Safety design
margins are typically established using extensive Monte Carlo
methods (MCM) [4]; however, this approach significantly
impedes the efficiency of the design phase.
PCE [5] has emerged as a prominent surrogate tool for UQ,

owing to its computational efficiency and global predictive fi-
delity. The cornerstone of PCE-based UQ lies in accurately de-
termining expansion coefficients. Methods for coefficient es-
timation are generally categorized into two paradigms: intru-
sive and non-intrusive approaches [6]. The stochastic Galerkin
method [7] is a representative intrusive approach; it involves re-
formulating the stochastic governing equations to derive a set
of augmented deterministic coupled equations for the unknown
coefficients. Despite their theoretical high-fidelity advantages,
intrusive methods suffer from high implementation complex-
ity, which precludes their widespread adoption in large-scale
engineering problems. In contrast, non-intrusive methods treat
the original system as a black-box paradigm, utilizing input-
output data pairs obtained through sampling to estimate coef-
ficients via projection or regression techniques [8, 9], thereby
preserving the integrity of the original deterministic solver.
To address high-dimensional challenges in complex systems,
non-intrusive methods typically leverage sparsity-promoting
schemes [10, 11]. Bayesian sparse PCE methods have effec-
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tively addressed high-dimensional problems by incorporating
joint priors or adaptive mechanisms [12, 13]. Similarly, adap-
tive least angle regression (LAR) significantly enhances com-
putational efficiency in high-dimensional spaces by dynami-
cally updating the basis function library during the iterative pro-
cess [14]. Nonetheless, even with sparse schemes, the number
of quadrature nodes scales superlinearly with the cardinality of
the basis set. Consequently, this inevitably creates an accuracy
bottleneck in high-dimensional scenarios.
In recent years, the rapid advancement of machine learn-

ing (ML) has paved the way for its integration into the realm
of UQ [15, 16]. Learning-based paradigms, such as Support
Vector Machine (SVM) [17] and Gaussian Process Regression
(GPR) [18, 19], have been successfully deployed to address UQ
challenges. Gaussian process regression (GP) demonstrates ex-
ceptional scalability when handling large-scale datasets [20].
As proposed by Trinchero et al. [21], LSSVR exhibits remark-
able robustness against high input dimensionality, contingent
upon the availability of a sufficient training dataset. How-
ever, in practical engineering scenarios, the prohibitive com-
putational overhead of high-fidelity EMC simulations often re-
stricts the sample size, thereby imposing a bottleneck on the
predictive accuracy of LSSVR models.
As a pivotal application of UQ, sensitivity analysis quanti-

fies the individual contributions of stochastic input variables
to the system output, facilitating the identification of high-
impact parameters. Sobol-index-based sensitivity analysis has
emerged as one of the most prevalent and widely adopted
frameworks [22, 23]. Its theoretical underpinnings rely on the
functional decomposition of the model into a summation of or-
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thogonal terms. Models, such as Bayesian Adaptive Splines
(BMARS) [24] and Bayesian Regression Trees (BART) [25],
are capable of efficiently computing the Sobol index using
closed-form solutions. However, calculating the Sobol index
also requires a large sample size.
To further enhance predictive performance under extremely

small sample sizes, this paper proposes a generalized prepro-
cessing dimensionality-reduction framework. By decoupling
dimensionality screening from predictive modeling, the frame-
work employs low-cost estimators to identify critical random
variables. This facilitates the construction of an improved PCE
model within a reduced subspace. Specifically, in the con-
text of EMC engineering applications involving limited data,
this study instantiates the framework by integrating LSSVR
with Sobol indices, leveraging their nonlinear robustness un-
der severely restricted samples to achieve precise dimension-
ality reduction. Finally, a case study involving parallel cable
crosstalk validates the significant advantages of this framework
in improving predictive accuracy and overcoming dimension-
ality bottlenecks.
The remainder of this paper is organized as follows. Sec-

tion 2 delineates the fundamental principles of PCE-based UQ.
Section 3 describes the proposed general preprocessing di-
mensionality reduction framework. Section 4 provides a de-
tailed description of the specific implementation process of this
framework under LSSVR-Sobol. In Section 5, the proposed
method is implemented in a cable crosstalk case study to vali-
date its practical engineering utility. Section 6 summarizes the
paper.

2. PCE-BASED UNCERTAINTY QUANTIFICATION
METHOD
Suppose that a certain EMC stochastic process can be repre-
sented as:

Y = f(ξ) (1)
Here, ξ = [ξ1, ξ2, . . . , ξd]

T denotes a vector of d-dimensional
independent stochastic input variables.
The PCE of this process is formulated as:

Y =

Pfull−1∑
i=0

αiφi(ξ) (2)

where φi(ξ) is an orthogonal polynomial that depends on the
distribution of the random variable, and αi is the deterministic
expansion coefficient to be determined. The number of terms
in the expansion is:

Pfull =
(d+ q)!

d!q!
(3)

where q is the order of the expansion.
The orthonormal basis functions φi(ξ) satisfy the orthogo-

nality condition:

⟨φi, φj⟩ =
⟨
φ2
i

⟩
δij (4)

where δij is the Kronecker function, defined by:

δij =

{
1, i = j

0, i ̸= j
(5)

The unknown deterministic coefficientsαi are determined by
projecting the model response onto the orthogonal polynomial
bases:

αi = ⟨Y (ξ), φi(ξ)⟩ /
⟨
φi(ξ)

2
⟩

(6)
The mean and variance of the model’s response are quanti-

fied as follows:

EPCE = E(Y (ξ)) = α0 (7)

VarPCE = Var(Y (ξ)) =

Pfull−1∑
i=1

[
α2
i

⟨
φ2
i

⟩]
(8)

As the input dimension d increases, the number of basis
functions grows exponentially, manifesting the classic curse of
dimensionality. Although advanced methods, such as sparse
PCE, partially alleviate this issue, guaranteeing the accuracy of
a surrogate model constructed directly in the full-dimensional
space remains challenging under severely restricted sample
conditions in engineering applications.

3. PREPROCESSING DIMENSION REDUCTION
FRAMEWORK
To overcome the modeling bottleneck under the conditions of
high dimensionality and small sample sizes, this paper proposes
a generalized preprocessing dimensionality-reduction frame-
work. As illustrated in Figure 1, the core concept of this frame-
work is to decouple dimensionality screening of the stochas-
tic space from model construction. Before proceeding to high-
precision PCE prediction, low-cost estimators are employed to
identify and extract key features.
Let S define a generalized dimensionality screening estima-

tor. By calculating the sensitivity indices of random variables
and comparing them against a preset threshold ϵ, the index set
I for high-sensitivity variables is determined as follows:

I(ϵ) = S(ξ, Y, ϵ) = {i ∈ {1, ..., d} | ST
i > ϵ} (9)

The effective dimension is denoted by k = |I|, where k ≪ d.
The original random space is mapped to the reduced-dimension
feature space via the projection operator PI :

ξI = PI(ξ) = {ξi | i ∈ I} (10)

For the non-significant variable ξj(j /∈ I), it is held constant at
its mean.
The improved PCE model is constructed in the reduced-

dimension feature space ξI , and its expression is:

Y (ξI) =

Pred−1∑
i=0

αiφi(ξI) (11)

Here, the number of basis functions Pred after dimensionality
reduction is reduced to:

Pred =
(k + q)!

k!q!
(12)
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FIGURE 1. An improved PCE based on the preprocessing dimension
reduction framework.

By reducing the number of dimensions from d to k, the com-
putational complexity has been drastically reduced from expo-
nential in d to exponential in k. It is worth noting that if a
physical system exhibits strong coupling among all variables
(i.e., all inputs are highly sensitive), this framework naturally
degenerates into the full-dimensional space, which represents a
common physical limit for all methods based on front-end fil-
tering.

4. SENSITIVITY EVALUATION OPERATOR BASED ON
LSSVR-SOBOL
Under the aforementioned generalized framework, given the
practical challenges of prohibitively high EMC simulation costs
and severely restricted sample sizes, this study selects the inte-
gration of LSSVR and Sobol indices as the specific implemen-
tation of the screening estimator S as detailed in Algorithm 1.
Leveraging its robust generalization capability under ex-

tremely small sample sizes, LSSVR emerges as an ideal choice
for constructing low-cost evaluation estimators. Its optimiza-

tion objective function is defined as follows:

min
w,b,e

J(w, e) (13)

where J(w, e) = 1
2w

Tw + γ
2

N∑
i=1

e2i , subject to the equality
constraints:

yi = wTϕ(xi) + b+ ei, i = 1, . . . , N (14)

where ei represents the error variable, γ the regularization pa-
rameter, w the weight vector, and b the bias term.
By introducing the Lagrange multipliers αi ∈ R (i =

1, . . . , N), the corresponding dual problem is obtained as:

[
0 1TN
1N K+ γ−1IN

] [
b

α

]
=

[
0

y

]
(15)

where 1N = [1, · · · , 1]T ∈ RN , Kij = κ(xi, xj) =
ϕ(xi)Tϕ(xj), i, j = 1, . . . , N , and κ(xi, xj) is kernel function.
α = [α1, α2, . . . , αN ]T represents the Lagrangemultiplier vec-
tor.
The LSSVR model serves as:

MLSSVR(x) =
N∑
i=1

αiκ(xi, x) + b (16)

The Sobol method, anchored in the Analysis of Variance de-
composition, partitions the total output variance into first-order
effects and higher-order interactions. The original model can
be expressed as the sum of incremental terms, as follows:

Y (ξ) = y0 +

d∑
i=1

yi(ξi) +
∑

1≤i<j≤d

yij(ξi, ξj) + · · ·

+y1,2,...,d(ξ1, ξ2, . . . , ξd) (17)

The variance of the model response can be expanded as

Var[Y ] =

d∑
i=1

Di +
∑

1≤i<j≤d

Dij + · · ·+D1,2,...,d (18)

The Sobol index is defined as

Si1,...,is =
Di1,...,is

D
, 1 ≤ i1 < . . . < is ≤ d, s = 1, . . . , d

(19)
where D represents the total variance.
The total Sobol index ST

i of the input variable is the sum of
all Sobol indices associated with that variable:

ST
i =

∑
{i1,...,is}⊃i

Si1,...,is (20)

Exhaustive sampling predictions are executed on the con-
structed LSSVRmodel to efficiently estimate the Sobol indices.
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LetNs denote the number of sampling points, with x and x̃ rep-
resenting two independent sample matrices. The Sobol indices
based on the LSSVR model are then derived as follows:

ŷ0 = 1
Ns

Ns∑
g=1

MLSSVR(x(g))

D̂ = 1
Ns

Ns∑
g=1

M2
LSSVR(x(g))− ŷ20

D̂i =
1
Ns

Ns∑
g=1

MLSSVR(x
(g)
i , x(g)∼i )MLSSVR(x

(g)
i , x̃(g)∼i )− ŷ20

(21)
The total sensitivity index ST

i obtained for each variable will
serve as the basis for dimensionality reduction.

5. APPLICATION OF THE PROPOSED METHOD IN
CABLE CROSSTALK CASES
To validate the proposed algorithm, a parallel cable crosstalk
model is established, as illustrated in Figure 2 [27, 28]. Both the
signal generator line and the victim line have a length of 0.5m,

with a near-end termination impedance of 50Ω. The stochas-
tic modeling of the geometric and electrical parameters — in-
cluding height above ground, cable radius, insulation thickness,
far-end impedance, and lateral separation — is summarized in
Table 1. The cable conductors are made of copper, while the
insulation layer consists of polyvinyl chloride, with a relative
permittivity of εr = 3.19.

TABLE 1. Uncertainty modeling for input variables.

Uniform random variables U [min, max] Unit
Height of signal line h1 U [2.3 2.7] cm
Height of victim line h2 U [2.2 2.6] cm
Radius of signal line r1 U [0.36 0.44] mm
Radius of victim line r2 U [0.36 0.44] mm

Insulation thickness of signal line t1 U [0.27 0.33] mm
Insulation thickness of victim line t2 U [0.27 0.33] mm
Far-end impedance of signal line R1 U [45, 55] Ω

Far-end impedance of victim line R2 U [45, 55] Ω

Lateral spacing between two lines d U [4.5 5.5] mm
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FIGURE 2. Parallel cable crosstalk model.

FIGURE 3. Total sensitivity index.

The far-end crosstalk voltage at 75MHz is defined as the out-
put of interest. Assuming the sensitivity threshold ϵ = 0.1.
An LSSVR approximation model is constructed using a limited
sample set (N = 50) to perform the LSSVR-Sobol sensitivity
analysis; the resulting total sensitivity indices are presented in
Figure 3. To validate the accuracy of the LSSVR approximate
model constructed with a small sample size in LSSVR-Sobol
sensitivity analysis, an LSSVR model trained with a large sam-
ple size (N = 200) andMCMare established as control groups.
It is observed that the sensitivity indices of each variable remain
largely consistent across all three scenarios. The sensitivity in-
dices for the signal line height h1, victim line height h2, and
lateral separation d are prominent, reaching or exceeding 0.3.
In contrast, the indices for other input variables remain below
0.05, which is significantly lower than the prescribed sensitivity
threshold ϵ.
In accordance with the proposed general preprocessing di-

mension reduction framework, low-sensitivity variables are
fixed at their mean values: r1 = r2 = 0.4mm, t1 = t2 =
0.3mm, and R1 = R2 = 50Ω. Consequently, the initial nine-
dimensional stochastic space is reduced to three key variables.
The improved PCE (IPCE) model is subsequently applied to
the parallel cable crosstalk case; the resulting probability den-
sity function (PDF) curves for N = 50 and N = 200 are de-
picted in Figures 4 and 5, respectively. The MCM based on
2,000 simulation runs serves as the benchmark data, whereas
the LSSVR before dimensionality reduction and the PCE-LAR
are established as control groups. AtN = 50, a significant dis-
crepancy exists between the LSSVR and the MCM benchmark,

FIGURE 4. PDF curve of far-end crosstalk voltage (N = 50).

FIGURE 5. PDF curve of far-end crosstalk voltage (N = 200).

indicating insufficient predictive accuracy. Conversely, both
the PCE-LAR and the IPCE demonstrate a high goodness-of-fit
with the MCM, with the IPCE slightly outperforming the PCE-
LAR. Notably, although the global accuracy of the LSSVR is
limited, it remains sufficient to meet the requirements for the
sensitivity analysis shown in Figure 3. When the sample size
is increased toN = 200, the accuracy of the LSSVR improves
significantly, but it still falls short of that of the IPCE and the
PCE-LAR.At this juncture, the accuracies of the PCE-LAR and
IPCE are highly comparable, making it difficult to distinguish
between them only by observing the PDF curves.
To quantify the discrepancies between the PDFs generated by

various UQ methods and the benchmark data, the Mean Equiv-
alent Area Method (MEAM) [29] is employed. The MEAM
evaluation result is a constant between 0 and 1. The closer the
value is to 1, the smaller the discrepancy and the more accurate
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the UQ method [30]. The MEAM-based assessment results are
summarized in Table 2. Consistent with the findings in Fig-
ures 4 and 5, the LSSVR model exhibits limited precision at
N = 50. When the sample size is increased to N = 200, the
LSSVR achieves a high level of accuracy; yet it still underper-
forms compared to the IPCE and the PCE-LAR at N = 50.
Specifically, atN = 50, the PCE-LAR yields an MEAM value
of 0.8761, significantly outperforming the LSSVR. The imple-
mented sparse strategy enables it to achieve considerable ac-
curacy under small sample conditions. However, this sparse
strategy suffers from an inherent accuracy bottleneck. Even as
the sample size increases to N = 200, the MEAM value of
the PCE-LAR exhibits only marginal improvement, failing to
reach 0.9. In stark contrast, the IPCE yields an MEAM value
of 0.9435 at N = 50, achieving an exceptionally high degree
of accuracy.

TABLE 2. MEAM index.

N = 50 N = 200

LSSVR 0.5337 0.8029
PCE-LAR 0.8761 0.8900
IPCE 0.9435 0.9553

Table 3 presents the root mean square errors (RMSEs) of the
respective methods to provide a more comprehensive perfor-
mance comparison. A vertical comparison clearly reveals that
the predictive accuracy of all methods improves as the sample
size increases. Conversely, a horizontal comparison demon-
strates that the proposed IPCE exhibits the lowest predictive er-
ror under both sample sizes, highlighting its exceptional global
fitting capability.

TABLE 3. RMSE.

N = 50 N = 200

LSSVR 0.0034 0.0029
PCE-LAR 0.0027 0.0021
IPCE 0.0018 0.0014

Notably, the PCE-LAR, leveraging its advantages in screen-
ing high-dimensional orthogonal basis functions, achieves a
predictive accuracy significantly superior to that of the base-
line LSSVR model. However, under small sample conditions,
the PCE-LAR is prone to falling into local optima or suffer-
ing from inevitable truncation errors. In contrast, the pro-
posed preprocessing dimensionality-reduction framework ex-
hibits exceptional robustness. Specifically, at N = 50, the
RMSE of the IPCE is a mere 0.0018, representing a further
reduction of approximately 33.3% compared to the PCE-LAR
under identical conditions. This result compellingly substan-
tiates the theoretical advantage of the framework’s decoupling
strategy: by employing low-cost estimators to preemptively ex-
ecute rigid dimensionality reduction on the high-dimensional
stochastic space (compressing it from 9 dimensions to a 3-
dimensional critical feature subspace), the IPCE fundamentally
eliminates the underdetermined nature of the subsequent PCE
modeling phase.

Excessive cable crosstalk significantly degrades the electro-
magnetic compatibility of a system; thus, an accurate estima-
tion of worst-case crosstalk scenarios is critical for practical
engineering applications. In this study, the proposed IPCE
method is employed to estimate the worst-case cable crosstalk
within the 1–100MHz frequency band, and the results are com-
pared with those of the PCE-LAR, as illustrated in Figure 6.
In worst-case cable crosstalk estimation studies, the µ + 3σ
curve is typically utilized to characterize the worst-case esti-
mates [31]. If the worst-case estimation curve is positioned
slightly above the upper bound derived from all MCM simu-
lations, it indicates that the method under evaluation provides
a safe envelope while avoiding overly pessimistic estimations
in worst-case estimation applications. The results demonstrate
that, given a sample size of N = 50, the IPCE effectively
envelopes the upper bound derived from 2,000 MCM simula-
tions. Conversely, the worst-case envelope generated by the
PCE-LAR falls significantly below the actual upper boundary
of the 2,000 MCM runs. In practical engineering applications,
such an underestimation poses an extremely high risk of EMC
failure.

FIGURE 6. Worst-case estimate of far-end crosstalk voltage.

6. CONCLUSION
This paper proposes a generalized preprocessing
dimensionality-reduction framework to enhance the per-
formance of PCE, effectively addressing the curse of dimen-
sionality in high-dimensional EMC uncertainty quantification.
By transforming the complex high-dimensional modeling
process into a modular workflow — comprising a generalized
screening estimator, dimensionality projection, and PCE
prediction — the framework exhibits significant flexibility
and scalability. The results indicate that instantiating the
LSSVR-Sobol module under small sample size conditions
enables the precise extraction of critical system features at a
minimal computational cost, thereby facilitating a substantial
performance enhancement for subsequent PCE modeling
within the reduced-dimensional space. Validation results from
a cable crosstalk case study demonstrate that the framework
successfully compresses the 9-dimensional parameter space
into 3 key dimensions. The resulting improved PCE model
outperforms traditional sparse methods in terms of predictive
accuracy, providing a generalized and efficient preprocessing

115 www.jpier.org



Lu, Xue, and Huo

strategy for addressing high-dimensional EMC problems with
limited samples.
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