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In the context of digital twins, projection-based model order reduction (MOR) plays a crucial role in real-time control, fault
diagnosis and performance prediction, particularly when accounting for multi-parameter variations in complex systems. However,
traditional MOR techniques often exhibit limited robustness against parameter variations. In this work, a parameter-specific MOR
approach is proposed for nonlinear multi-parameter electromagnetic problems based on tensor decomposition. The approach is
compared with classical MOR as well as local MOR, typically reliant on clustering techniques, through different numerical examples
such as an electrical motor with four-parameter. The numerical examples show that the proposed approach outperforms classical
MOR and local MOR methods in terms of computational efficiency and accuracy.

Index Terms—Electromagnetic problem, model order reduction, multi-parameter, tensor decomposition.

I. INTRODUCTION

LECTRIC EQUIPMENTS are the core component of

power production, transmission, and conversion. Ensuring
their safe and stable operation is crucial, which has driven
increasing focus on real-time control, fault diagnosis, and
performance prediction within the digital twin framework.

Developing a digital twin model capable of predicting the
behavior of electrical equipment under various operating con-
ditions requires a substantial amount of high-fidelity data that
spans a wide range of scenarios. Since experimental data are
often expensive and not readily available, a more feasible
approach is to generate such data through multi-parameter
numerical simulations. However, the inherent non-linearity and
variability of different operating conditions make repeated
simulations computationally expensive.

To alleviate the computational burden of repeated simula-
tions, projection-based model order reduction (MOR) tech-
niques, such as Proper Orthogonal Decomposition (POD) [1]],
are widely used to reduce computational costs by replacing
high-fidelity models with low-dimensional reduced-order mod-
els. However, traditional MOR methods are ineffective for
nonlinear multi-parameter problems, as the global reduced-
order basis generated by these methods often lacks robustness
with respect to parameter variations [2].

To address this challenge, several advanced local MOR
methods have been introduced, such as clustering POD [2]
and block POD [3]. These methods partition the snapshots and
assign separate reduced bases to each local sub-region, thereby
enhancing the robustness of the reduced basis in capturing
local characteristics. Nevertheless, these local MOR methods
face challenges when system characteristics vary significantly
with the parameters. This issue arises from the assumption
of local similarity, which assumes that the essential physics
of the governing equations can be preserved independently
in different regions. However, strong interactions between

regions can violate this assumption and reduce model accuracy.
Furthermore, parameter partitioning, typically based on empir-
ical or greedy methods, is often case-specific and difficult to
generalize. The process is further complicated by the lack of
prior knowledge during partitioning and inconsistent scaling of
parameters.

Alternatively, a hybrid approach combining tensor decom-
position with MOR (TDMOR) is proposed [4] to construct
parameter-specific MOR for multi-parameter electromagnetic
problems. In this work, a comprehensive comparison is con-
ducted among the proposed TDMOR, classical MOR, and
conventional local MOR methods. Numerical examples demon-
strate that our proposed approach provides a more localized
reduced-order basis, enhancing model accuracy and ensuring
the parameter-specific characteristics of the MOR for multi-
parametric problems.

II. METHODOLOGY

This section begins with a brief introduction to the definition
of multi-parameter electromagnetic problems. Then, a concise
review of the projection-based MOR technique (typically with
classical POD) is provided. Finally, the implementation of local
MOR and proposed TDMOR is illustrated, respectively.

A. Multi-parameter electromagnetic problems

Considering the diverse operating conditions of the electric
equipment, the nonlinear electromagnetic problem of the elec-
tric equipment with multiple parameters can be simplified to
the following system by finite element (FE) discretization:
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Here, L denotes the FE system matrix associated with the
D-dimensional parameter vector p, consisted by different
parameters. u corresponds to the discretized unknowns of the
FE system, such as the magnetic vector potential, while F' is

L(u,p)u(p) = F(p) withp = (p1,p2, . ..



the right-hand side vector derived from the discretization of
the source term.

Considering the effects of magnetic saturation, the nonlin-
ear process of solving (I)) for various parameter p is time-
consuming. Therefore, projection-based MOR, typically with
POD, is employed to alleviate the computational burden.

B. Classical MOR

The classical projection-based MOR consists in building
a global reduced basis by sampling the parameter space
[P1,P2;--.,Pn.] and generating a snapshot matrix Spop =
[ui,ug,...,u,] of dimension m x ng by solving system (I)),
with ng the number of total snapshots defined as ng = ny X
ng X ... X np, where n; is the sampling number of the -
th parameter, and m the Degree of Freedom (DoFs) of ().
By singular value decomposition (SVD), the snapshot matrix
Spop can be written as:

Spop = UpopZronViop With UpopUbop =1 (2)

The left singular vectors (columns of Upop) can be used as the
global reduced basis. Once these steps have been completed
during the offline stage, in the online stage, for an arbitrary
parameter p, the reduce problem reads:

UEODL(% p)UPODUgODu(p) = U}Z;ODF(p)' 3)

C. Local MOR (LMOR)

Similar to the classical MOR, during the offline stage, local
MOR clusters the snapshots based on specific parameters or
system states, constructing several different snapshot matrices
denoted as Spyvor = [uy, ug, . .., u,, |, with dimensions m x
np, where n,, represents the number of snapshots within each
local sub-region. The reduced basis Urior for a given sub-
region is then obtained through SVD, as outlined in (2). Then,
the reduced problem is solved by switching between different
local reduced bases as needed:

]UEMOR]L(%P)ULMORU%MORU(P) = UEMORF(p)' “4)

D. TDMOR

For TDMOR, all the ng snapshots are organized in a D + 1
dimensional tensor, of size m X ny X ng X ... X np, such as:

(Q):njly"'ij :u(p{17""pg)' (5)

With the Tensor decomposition, a low rank approximation ®
of the full tensor ® can be obtained:
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where m,nq,...,np referred to the compressed dimension
much smaller than m, nq,...,np. C is a core tensor of dimen-
sion less than the full tensor ®. TDMOR constructs parameter-
specific reduced basis Urp(p) in two stages. Specifically, at
the offline stage, a global orthogonal basis Ug and a series of
matrices S; with 1 < ¢ < D —1, which encodes information on
the relationship between various parameters, can be obtained
according to (6)
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At the online stage, a parameter specific core matrix C,(p)
can be obtained with the core tensor C, matrices S; and the
following extraction-interpolation procedure:

Ce(p) = C %o (Slel(p)) ... XD (SD_leDfl(p)) , (9

where e* (1 < k < D — 1) is the coordinate vector at specific
parameter p obtained by Lagrangian interpolation. The SVD
is only needed to apply to the small size core matrix Cq(p),
ensuring that the subsequent online basis update process is ’on
the fly”:

Ce(p) = Uc(p)Zc(P) Ve (P).

Finally, a parameter-specific reduced basis Urp(p) can be
obtained as:

(10)

Urp(p) = UgUc(p).

III. NUMERICAL EXAMPLE

(1)

A preliminary result, illustrating the application of the
proposed TDMOR approach to an electric motor with four
parameters, is shown in Fig. [I] This result demonstrates that
TDMOR achieves significantly better performance compared to
classical MOR and local MOR. A more detailed comparison
of the different approaches will be presented in the full paper.
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Fig. 1: Accuracy comparison of different MOR approaches.
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