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Abstract

Electrical machine design faces growing constraints from power density, wide operating
ranges, thermal and mechanical limits, acoustics, manufacturability, cost, and critical ma-
terial availability. While finite element and multi-physics simulations remain essential,
their direct use in population-based or multi-objective optimization is often computa-
tionally prohibitive. Al, spanning surrogate modeling, machine learning, deep learning,
physics-informed networks, Bayesian optimization, and emerging generative methods,
is increasingly used to accelerate analysis, enlarge design spaces, and support inverse or
multi-objective tasks. This review examines Al-assisted electrical machine design from
a workflow perspective, distinguishing functional approximation, performance predic-
tion, topology-aware learning, physics-informed modeling, active learning, and robust
optimization under uncertainty. It highlights current limitations, including narrow topol-
ogy coverage, reliance on FEM-generated data, weak extrapolation, limited uncertainty
reporting, scarce experimental validation, and insufficient attention to manufacturability
and sustainability. A design-readiness framework and minimum reporting checklist are
proposed to improve trustworthiness and reusability. The review concludes that Al should
serve as a physics-aware, validation-dependent accelerator, complementing, not replacing,
electromagnetic expertise, multi-physics simulation, and prototype testing.

Keywords: artificial intelligence; electrical machines; design optimization; surrogate model;
machine learning; deep learning; Bayesian optimization; physics-informed neural network;
topology optimization; sustainable design

1. Introduction

Electrical machines (EMs) are central components in electrified transport, industrial
automation, renewable energy conversion, robotics, aerospace actuation, and distributed
energy systems [1]. Their global relevance is linked not only to energy conversion perfor-
mance but also to the large share of electricity consumed by EM-driven systems, which has
motivated sustained interest in efficiency improvement, loss reduction, and system-level
optimization [2,3]. In traction and aerospace applications, the design pressure is espe-
cially high because the machine must combine high torque density, high power density,
wide speed range, high efficiency over representative duty cycles, thermal robustness,
mechanical integrity, low noise and vibration, and competitive cost [4-6].

The conventional design process usually begins with specifications and topology
selection, followed by analytical sizing, electromagnetic finite element analysis (FEA), loss
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mapping, thermal analysis, mechanical stress analysis, acoustic and vibration checks, cost
evaluation, and prototype testing [7]. The process is iterative and expert-driven [8].

As the number of objectives and constraints increases, the interaction between geome-
try, material properties, excitation, cooling, manufacturing tolerances, and control strategy
makes the design landscape nonlinear and expensive to explore [4,5]. FEA offers high
geometric flexibility and accuracy, but it becomes a bottleneck when each candidate in a
multi-objective or topology optimization loop requires a field solution, loss computation,
and, ideally, multi-physics verification [9].

Al-assisted design has emerged as a response to this computational bottleneck. Surro-
gate models can replace or partially replace expensive electromagnetic calculations during
optimization. Machine learning (ML) models can predict torque, torque ripple, losses, effi-
ciency, flux linkage, inductance, or field quantities from geometry and operating variables.
Deep learning (DL) can process image-like geometry representations and therefore support
topology optimization with higher design degrees of freedom. Physics-informed models
can embed electromagnetic constraints into the learning process, reducing the dependence
on purely data-driven correlations. Bayesian optimization (BO) and active learning can
guide the selection of new simulations when FEA-based evaluations are expensive [9-11].

In this review, the term Al-driven is used in a workflow sense rather than as a claim
that every method is a recent DL architecture. Classical surrogate-assisted optimization is
treated as an earlier Al-assisted stage when a metamodel accelerates a predefined FEM-
based optimization loop. Al-driven closed-loop design is distinguished by additional
features: adaptive or active sampling, uncertainty-aware model management, physics or
constraint integration, high-fidelity verification, feedback from measurements or manufac-
turing data, and explicit manufacturability or sustainability filters. This boundary is used
throughout the review to separate conventional surrogate acceleration from deployment-
oriented Al design workflows.

Recent reviews have already addressed surrogate-assisted multi-objective optimiza-
tion and data-driven surrogate models for EM design [9,11]. These papers are important
foundations, but they also create a clear need for a broader design-oriented synthesis. The
central issue is no longer only whether Al can reduce the number of finite element method
(FEM) evaluations.

The more important question is how Al can be integrated into a trustworthy, manufac-
turable, multi-physics, and sustainability-aware EM design workflow [3]. This review there-
fore positions Al as a design-support technology that must be evaluated in terms of design-
readiness, physical validity, robustness, traceability, and practical engineering usefulness.

The evolution of EM design workflows can be viewed as a gradual shift from expert-
driven analytical sizing toward increasingly automated, data-assisted, and feedback-rich
design environments (see Figure 1).

Manual and analytical methods established the initial design foundation; FEM-
coupled optimization subsequently enhanced physical fidelity; surrogate-assisted optimiza-
tion reduced computational burden; and today, Al-driven closed-loop design enables the
integration of multi-physics simulation, manufacturing data, experimental feedback, and
sustainability-oriented objectives within a unified workflow.

The novelty of this review is therefore not the introduction of another algorithm
taxonomy, but the integration of Al-assisted machine design into a design-readiness and
deployment-oriented framework. In contrast to reviews centered on data-driven surrogate
modeling [9] or surrogate-assisted multi-objective optimization [11], this paper adds five
specific contributions:

1. itinterprets Al methods across the complete design workflow, from electromagnetic
prediction to multi-physics verification and manufacturability;
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2. it separates algorithmic accuracy from design readiness;

@

it connects Al-assisted design to uncertainty, traceability, and experimental validation;

4. it includes sustainability, critical materials, lifecycle, and Al-footprint considerations
as design criteria;

5. it proposes a minimum reporting checklist and a design-readiness ladder for compar-

ing future studies.

1. Manual & 2. FEM-Coupled 3. Surrogate-Assisted 4. Al-Driven
Analytical Design Optimization Optimization Closed Loop

Main basis Main basis Main basis Main basis

« Expert rules * High-fidelity FEA » FEM-generated datasets « Multi-physics Al models

« Equivalent circuits * Parametric sweeps * Kriging, SVR, ANN, CNN * Active learning feedback

« Sizing equations » * Evolutionary algorithms » « Fast Pareto exploration » « Digital twin and test data

Typical limitation Typical limitation Typical limitation Design ambition

« Simplified physics * High computational cost + Domain dependence « Trustworthy prediction

« Limited design space * Slow multi-objective search « Extrapolation risk « Manufacturing awareness

* Strong human dependence * Limited iteration speed * Weak uncertainty reporting + Sustainability objectives
. J & J . J . J
-

Overall transition

Human-guided calculation — simulation-intensive optimization — learned surrogate acceleration — validated closed-loop design intelligence

(&

Figure 1. Evolution of EM design workflows.

Recent AM-focused reviews, including Zarghani et al. [12], are therefore treated here
as complementary background on manufacturing-enabled machine structures, materials,
thermal management, scalability and industrialization, not as Al-design evidence. The
present review differs from such AM reviews by focusing on how Al methods can be
embedded into validated, uncertainty-aware, manufacturable and sustainability-aware
electrical machine design workflows.

To clarify the originality of the review, the paper distinguishes between its own in-
terpretative framework and conclusions synthesized from prior studies. The original
contribution lies in organizing Al-assisted electrical machine design around workflow
transition, method-to-function mapping, trustworthiness, design readiness, reporting re-
quirements, and evidence classification. The findings that PMSM/IPMSM studies dominate
the available evidence, that experimental validation remains limited, and that manufactura-
bility and sustainability are still weakly integrated are not presented as new experimental
results, but as synthesis conclusions derived from the reviewed literature.

2. Review Scope and Methodology

This manuscript is structured as a critical review rather than as a purely bibliometric
survey. The review is intended to identify methodological patterns, design use cases,
evidence gaps, and reporting needs in Al-driven EM design. The initial seed corpus was
assembled from prior reading and included papers on surrogate-assisted optimization,
data-driven surrogate models, DL-assisted topology optimization, physics-informed EM
modeling, robust BO, explainable Al, Al carbon-footprint assessment, and Al-enabled
manufacturing workflows [9,11].

The seed corpus was complemented by a structured search conducted during
15-30 May 2026 in Web of Science, Scopus, and IEEE Xplore. The bibliographical ex-
ploration covered publications from 2000 to May 2026, with older publications retained
only when they provided necessary methodological foundations. The final search strings
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were constructed by combining three groups of terms: electrical machine topology, Al or
surrogate modeling, and design, optimization, validation, or sustainability terms. The final
generic string was: (“electrical machine design” OR “electric motor design” OR PMSM
OR IPMSM OR “synchronous reluctance” OR “switched reluctance” OR “induction ma-
chine” OR “axial flux” OR “high-speed machine” OR “flux modulated machine”) AND
(“surrogate model” OR “machine learning” OR “deep learning” OR “Bayesian optimiza-
tion” OR “physics-informed neural network” OR “generative adversarial network” OR
“variational autoencoder” OR “topology optimization”) AND (“design” OR “optimization”
OR “inverse design” OR “multi-objective” OR “robust design” OR “manufacturability”
OR “sustainability” OR “critical materials” OR “lifecycle”). Database-specific syntax was
adapted to each platform without changing the conceptual content of the query. Because
the aim of the paper is critical synthesis rather than a systematic bibliometric survey, the
search was used to ensure methodological and topical coverage rather than to produce a
PRISMA-style quantitative map of the field.

The inclusion criteria for the review were: English-language peer-reviewed journal
or conference papers; explicit application to EM design, modeling, optimization, inverse
design, or design space exploration; use of Al, ML, surrogate modeling, BO, DL, or physics-
informed learning; and sufficient methodological information to classify the design target,
machine topology, data source, validation level, and limitations. Papers focused only on
converter control, fault diagnosis, predictive maintenance, or supply-chain automation
were excluded from the core corpus unless they directly informed the machine design
workflow. Non-English papers were excluded from the main corpus to ensure consistent
technical interpretation and verifiability. Non-recent sources were retained only when
they provide necessary methodological foundations, such as BO, Gaussian processes (GPs),
non-dominated sorting genetic algorithm II (NSGA-II), generative adversarial networks
(GANS), variational autoencoders (VAEs), or conventional EM optimization baselines; the
evidence synthesis itself prioritizes recent EM design applications.

Because Al-driven EM design is an emerging application field, the corpus of recent
machine design demonstrations remains limited. Therefore, recent EM applications should
form the evidence base of the review, while older sources should be retained only where
they define foundational methods, such as BO, GPs, NSGA-II, GANs, VAEs, or conventional
EM optimization baselines. These older references should not be presented as evidence of
current Al-driven EM design maturity.

The review also distinguishes demonstrated progress from forward-looking deploy-
ment requirements. Demonstrated progress refers to studies in which an Al or surrogate
model is implemented for a defined machine topology and supported by FEM verifica-
tion, uncertainty analysis, prototype measurements, or another explicit validation step.
Forward-looking requirements refer to criteria that are necessary for industrial deployment
but are not yet mature across the literature, including full lifecycle assessment, system-
atic recyclability metrics, Al computational-footprint reporting, production data feedback,
and repeatable validation across product families. Consequently, manufacturability, sus-
tainability, lifecycle, and Al-footprint criteria are discussed both as emerging evidence
where EM-specific studies exist and as reporting requirements for future design-ready
Al workflows.

The review classifies studies according to five dimensions: machine topology, Al
method, design function, data source, and validation level. The considered topologies
include both special and classical EMs, such as surface-mount permanent magnet (PM)
synchronous machine (PMSM), interior PMSM (IPMSM), synchronous reluctance machine
(SynRM), PM-assisted synchronous reluctance machine (PMaSynRM), switched reluctance
machine (SRM), induction machine (IM), axial flux machine (AFM), high-speed machine
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(HSM), and flux-modulated machine (FMM) [13]. Al methods include response surface
methods, Kriging /GP models, support vector regression (SVR), random forests (RFs), gra-
dient boosting, artificial neural networks (ANNSs), convolutional neural networks (CNNs),
physics-informed neural networks (PINNSs), transfer learning (TL), BO, GANs and VAEs.
Design functions include performance prediction, functional approximation, topology
screening, inverse design, robust optimization, multi-physics coupling, and material or
sustainability trade-off analysis.

3. Conventional Electrical Machine Design Workflow and Al
Entry Points

A useful review of Al-driven design must begin with the engineering workflow that Al
is intended to support. Conventional EM design typically involves requirements definition,
conceptual topology selection, electromagnetic sizing, detailed geometric modeling, FEA,
optimization, multi-physics verification, prototype construction, and testing [4,5,9]. Cheng
et al. describe this process as a sequence of requirements definition, conceptual design,
mechanical design, multidisciplinary analysis, optimization, and prototype testing, with
FEA acting as a high-fidelity but expensive element in the analysis and optimization
stages [9].

Al can enter the workflow at several levels. At the earliest stage, data-driven expert
systems or learned design maps can propose initial geometries from specifications. During
electromagnetic design, surrogate models can predict torque, flux linkage, back electromo-
tive force, losses, inductances, and torque ripple. During topology optimization, CNNs
can process cross-sectional images or material distributions and screen low-potential can-
didates before FEM evaluation [14,15]. During multi-physics design, Al can approximate
coupled electromagnetic, thermal, mechanical, and acoustic responses. During robust
design, BO and uncertainty-aware surrogates can account for geometric tolerances and
material variability [16-18].

The distinction between “functional approximation” and “performance prediction” is
especially useful. Functional approximation models directly approximate the relationship
between design variables and objective functions, often for use within an optimizer. Perfor-
mance prediction models replace specific analysis steps, such as FEA-based torque or flux
prediction, and can be coupled with multiple optimization methods [9]. This distinction
should be retained in the final review because it separates Al models that approximate an
optimization landscape from models that approximate physical EM behavior.

Table 1 summarizes the main Al entry points, the conventional activity they modify,
and the evidence needed to support each design claim.

Table 1. Representative Al entry points in EM design.

Design Stage Conventional Activity Al-Enabled Function Typical Evidence Required
Learned initial design maps, Traceable dataset, coverage of
Specificationand =~ Manual topology selection expert databases, ratings and topologies,
concept and initial sizing and preliminary validation against analytical or
surrogate screening FEA sizing
. FEA for torque, Surrog.ate P rediction, Error metrics, comparison with
Electromagnetic . physics-informed : :
. electromotive force, . " FEA, operating-point coverage,
design field estimation,

inductance, losses, ripple

. . mesh and material assumptions
operating-map generation
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Table 1. Cont.

Design Stage

Conventional Activity

Al-Enabled Function

Typical Evidence Required

Topology
optimization

FEM-coupled genetic or
gradient-free search

CNN screening, VAE/GAN
design, TL across geometries

Dataset size,
image representation,
FEM re-evaluation,
Pareto verification

Multi-physics
verification

Thermal, stress, noise,
vibration, and
harshness (NVH),
demagnetization checks

Coupled surrogate models,
reduced-order models,
active learning

Boundary conditions,
uncertainty bounds,
cross-domain validation

Robustness and

Tolerance analysis and

Robust BO, uncertainty-aware

Tolerance model, material
variability model, probability of

manufacturing prototype iteration design, process-data feedback constraint satisfaction,
prototype evidence
. - . . Material-criticality- Material i tory, cost
Sustainability Material selection and Jarera -ctitcaty-aware arerial IVentory, cos
, . optimization, magnet/copper assumptions, lifecycle boundary,
and cost cost ‘comparison

reduction, lifecycle trade-offs

performance penalty analysis

4. Al Methods for Electrical Machine Design

The Al methods currently used in EM design can be grouped according to their role

in the design workflow, their data requirements, and their ability to incorporate physical

knowledge. The field has evolved from statistical surrogate models and classical ML

regressors toward DL models, physics-informed architectures, Bayesian and active learning

strategies, and transfer or generative design approaches (see Figure 2).

Statistical Surrogates

* Response surface models
+ Kriging / Gaussian process

* RBF and polynomial models

Machine Learning Models

* SVR, random forests
« Gradient boosting
* ANN / MLP predictors

Deep Learning Models

* DNNs for field maps
* CNNs for topology images

* Autoencoders and VAEs

* Low cost, lower flexibility

« Fast nonlinear mapping

Physics-Informed and Hybrid

Models

+ PINNs and PDE losses
+ Analytical-FEA-ML hybrids

* Multi-fidelity learning

* Improved physical validity

Al-Driven Electrical
Machine Design
Methodological Core

Bayesian Optimization and
Active Learning

* Acquisition functions
* Uncertainty-guided sampling
* Adaptive FEM calls

« Efficient expensive search

* High-dimensional geometry

Transfer and Generative
Design

* Transfer learning

* GAN-based inverse design

+ Latent topology spaces

* Reuse across machine families

( Design use: prediction, optimization, inverse design, robustness, and design-space learning )

Figure 2. Taxonomy of Al methods for EM design.

This taxonomy is useful because these methods do not offer equivalent design

value: some primarily accelerate performance prediction, whereas others support

uncertainty-aware sampling, topology exploration, inverse design, or physically con-

strained model development.
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4.1. Statistical and Classical Surrogate Models

Statistical surrogate models, including response surface models (RSMs) and Krig-
ing/GP models, have been widely used to reduce the cost of repeated FEM evaluations in
EM optimization [9,19]. Their strengths are interpretability, low training cost, and suitabil-
ity for low-to-moderate-dimensional parameter optimization. Their limitations become
evident when the number of design variables increases, when the geometry cannot be
represented by a small set of dimensions, or when objectives are highly nonlinear and
discontinuous. For this reason, statistical models are most appropriate for structured para-
metric design problems, not for unconstrained topology search or image-based geometry
exploration [9,14].

Kriging and GP models remain central among classical surrogate methods because
they provide both a mean prediction and an uncertainty estimate [20]. This makes them
especially suitable for BO and active learning, where an acquisition function uses the
surrogate posterior to select the next expensive FEM evaluation [10,16,17,19]. In robust
design, the same probabilistic structure can also support uncertainty propagation and
probability-based constraints, provided that both the underlying uncertainty model and
surrogate error are treated explicitly [16].

In EM design, these methods are most effective when the design space is structured
and the number of variables is moderate. Choi et al. illustrated how surrogate con-
struction can be embedded within a repeatable multi-objective evolutionary workflow
for EMs [21]. Reyes-Reyes et al. further showed that kriging metamodels can be inte-
grated into constrained BO of a PMaSynRM while explicitly accounting for geometric and
magnetic-material uncertainty [16]. These examples show that classical surrogates are still
highly relevant, especially when they are used as uncertainty-aware components of the
optimization loop rather than as static regression tools.

4.2. Machine Learning Models

ML models such as SVR, RFs, gradient boosting, and ANNs are used to map geometric
and operating variables to EM performance indicators. Compared with simple response
surfaces, they can represent stronger nonlinearities and higher-dimensional parameter
spaces, although their validity remains linked to the selected topology, parameterization,
and training domain. ML-based surrogates have been applied to several IPMSM design
tasks, including consequent-pole asymmetric rotor hybrid IPMSM (CPAR-HIPMSM) torque-
performance optimization [22], PM volume minimization [23], efficiency optimization
considering control [24], electric vehicle (EV)-oriented IPMSM design [25], demagnetization-
constrained PM volume reduction [26], and hybrid ferrite/NdFeB rotor optimization [27].

Several ML examples are particularly instructive. Ji et al. combined BO-SVR,
Spearman-correlation-based sensitivity analysis, and sequential subspace northern goshawk
optimization (§5-NGO) for a CPAR-HIPMSM, reporting improved average torque and re-
duced torque ripple with FEM and prototype validation [22]. Shimizu et al. used Gaussian
process regression to predict apparent permeance coefficients for irreversible demagnetiza-
tion assessment and then minimized PM volume under demagnetization constraints [26].
Against this material-aware rare-earth-reduction context [28], Guo et al. proposed an
EV-oriented IPMSM in which ferrite magnets are added to otherwise unused rotor spaces
and evaluated alternative magnet configurations [27]. As illustrated in Figure 3, this case is
useful because the ML-assisted workflow is tied to a concrete machine-structure modifi-
cation rather than only to numerical regression. The surrogate model was trained using
fine- and coarse mesh FEA data and then coupled with NSGA-II optimization, linking
Al-assisted design with torque improvement, cost considerations, and reduced dependence
on rare-earth magnet volume [27].
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Figure 3. Example of a material-aware IPMSM rotor design space used in ML-assisted optimization:
conventional air-filled cavity, Halbach ferrite filling, and parallel ferrite filling. Reproduced from [27]
under the CC BY 4.0 license.

The central limitation of many ML models is the dependence on predefined scalar
design parameters. This is acceptable for rotor dimensions, slot widths, magnet angles,
bridge thicknesses, and similar parametric variables, but it constrains geometric freedom.
It also means that a surrogate trained for one topology or one parameterization may not
generalize to a different topology, even if both are labeled as IPMSMSs. Therefore, ML
models should be evaluated not only by regression accuracy but also by their domain of
validity, extrapolation behavior, and transferability between design families [9,29].

4.3. Deep Learning and Topology-Aware Models

DL extends Al-assisted design by accepting high-dimensional inputs such as im-
ages, field maps, or mesh-based representations. This is particularly relevant to topology
optimization because CNN-based models can process material distributions and extract
local geometric features that are difficult to describe with a small set of scalar design
variables [14,15]. Sasaki and Igarashi used CNN-based classification to screen interior per-
manent magnet (IPM) rotor topologies before FEM re-evaluation within a genetic topology
optimization process. In the reported numerical example, the computing time was reduced
to about one-tenth of the FEM-only case when aggressive FEM screening was used, while
the optimized rotor performance remained comparable [14].

Sato et al. [15] extended image-based DL surrogates toward multi-material IPM topol-
ogy optimization. Their model predicts d-axis PM flux, d-axis inductance, and g-axis
inductance from cross-sectional EM images, allowing average torque to be evaluated for
arbitrary current phase angle. This is an important step because it connects image-based
geometry learning with physically meaningful dg-axis quantities, but it also illustrates the
data burden of DL surrogates: more than twenty thousand usable samples were gener-
ated, including more than twelve thousand for training and more than four thousand for
validation [15].

Latent space optimization further broadens DL use in EM design. Sato and Igarashi
used a VAE to embed PM EM topologies in a latent space and a neural network (NN) with
Monte Carlo dropout to reject unreliable latent space solutions, obtaining Pareto solutions
in approximately 80 s on a single-thread CPU in the reported example [30]. Taken together,
these studies show three complementary DL roles in EM design: image-based topology
screening, physically interpretable parameter prediction from geometry, and latent space
design exploration.

Recent NN-based optimization studies further broaden the evidence base beyond
topology screening. Yuan and Tao used NN-aided multi-objective PMSM design for more-
electric-aircraft applications, adding an aerospace-oriented example in which mass, loss,
and performance requirements differ from conventional automotive traction studies [31].
Garmut et al. proposed a computationally efficient NN-based multi-objective optimization
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workflow for an IPMSM, reinforcing the relevance of NN surrogates for rapid Pareto
exploration in recent EM design research [32].

4.4. Physics-Informed and Hybrid Models

Purely data-driven surrogates can be accurate within a training domain, but they
may violate physical constraints or extrapolate poorly. PINNs address this limitation by
embedding governing equations, boundary conditions, or residual constraints into the loss
function [33,34]. The strongest EM-specific example identified in this review is the work of
Son et al., who proposed a PINN architecture for PMSM electromagnetic modeling with
partial differential equation (PDE)-based supervision, rotational coordinate transformation,
separate rotor and stator networks, interface loss, and adaptive loss weighting. The
model was validated using both measurement and FEA datasets, and the authors reported
inference times at least ten times faster than FEA with comparable order of accuracy for
dynamic torque estimation [35]. Broader electromagnetic PINN and Maxwell-equation-
based learning studies support the methodological potential of physics-informed modeling,
but they should not be overinterpreted as complete EM design workflows [36-38].

For EM design, physics-informed learning is attractive because it can reduce data
requirements, improve interpretability, and enforce compatibility with electromagnetic
laws. However, practical deployment remains challenging. EMs contain moving inter-
faces, nonlinear magnetic materials, saturation, time-harmonic or transient excitation,
temperature-dependent properties, and geometry changes. The PINN formulation must
therefore be specialized to the EM topology and operating regime. Physics-informed mod-
els should not be treated as automatically trustworthy; they require the same scrutiny as
other surrogates, including validation outside the training domain and reporting of loss
components, boundary assumptions, and material models [34,36].

This interpretation is consistent with the broader physics-guided ML literature, which
emphasizes that physical knowledge can be integrated at different levels, including data
generation, loss functions, model architecture, constraints, and post-processing. For EM
design, this broader view is useful because hybrid physics-ML workflows may be more
practical than a strict PINN formulation for some tasks, especially when geometry changes,
saturation, and multi-physics coupling make a single governing-equation residual difficult
to formulate [39].

4.5. Bayesian Optimization and Active Learning

A typical surrogate-assisted design workflow is not limited to replacing FEM calcu-
lations with a trained predictor. As shown in Figure 4, the workflow starts with the defi-
nition of design variables, objectives, and constraints, followed by design-of-experiments
sampling, high-fidelity FEM or multi-physics simulations, surrogate training, validation,
uncertainty estimation, and candidate selection. In BO and active learning variants, new
simulations are selected through an acquisition function that balances exploitation and
exploration, so that each additional FEM or multi-physics evaluation is expected to improve
either the model, the constraint description, or the Pareto front [10]. This makes the design
process iterative and adaptive rather than a one-time offline regression exercise.

The broader surrogate-assisted evolutionary computation literature also stresses that
the surrogate is only one element of the optimization system; model management, update
criteria, trust in approximate fitness values, and the balance between exact and approx-
imate evaluations determine whether computational savings lead to reliable optimized
designs [40]. This point is directly relevant to EM design because surrogate speedup is
useful only if final candidates remain physically valid and are rechecked with high-fidelity
simulation or experiment.
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1. Define problem ) ( 2. DoE sampling
Variables -
Objectives v L Sp:':\f:e.-fllllng
) Sensitivity-aware
Constraints
J
7. Optimizer / acquisition 3. FEM / multiphysics

Pareto search
New candidates

EM, thermal
mechanical, NVH

Active Learning
updates the surrogate
where information gain is highest

Goal: fewer FEM calls, reliable Pareto front

6. Validate and quantify 4. Dataset and features
uncertainty
Geometry encoding

Error metrics Operating conditions

Prediction confidence

5. Train surrogate

Kriging, SVR
ANN, CNN, PINN

Critical requirement: candidate designs predicted by Al must return
to high-fidelity FEM and, ultimately, experimental verification.

Figure 4. Surrogate-assisted and active learning optimization loop.

Recent EM studies illustrate why BO is attractive when simulations are expensive
and the feasible design space is constrained. Reyes-Reyes et al. used a constrained BO
framework for a PMaSynRM while accounting for both geometric and magnetic-material
uncertainty. Their updated efficient surrogate uncertainty reduction (EFISUR) algorithm
used kriging metamodels and required only 235 simulator calls for a 13-dimensional search
space; the study also showed that magnetic-material uncertainty had a stronger effect on
mean torque than geometric uncertainty in the selected case [16]. This example is especially
relevant to design-readiness because it shifts the objective from nominal performance
toward robustness under manufacturing and material variability.

Other BO examples broaden the scope of this approach. Asef and Vagg used physics-
informed BO to accelerate EM development by combining physical insight with sample-
efficient search [41]. Guesmia et al. applied Al-assisted BO to a PMSM for e-bike applica-
tions, illustrating its relevance for lightweight traction machines [42]. Taken together, these
studies suggest that BO is most valuable when each additional simulation must be selected
for maximum design information, rather than generated as part of a large static dataset.

4.6. Generative and Inverse Design Models

Generative models, including GANs and VAEs, are increasingly discussed for inverse
and topology design because they can generate candidate geometries rather than only
evaluate predefined candidates. In EM design, this shifts Al from performance prediction
toward design synthesis, but the field remains at an early stage. Lee and Ha used CNN
classification and deep convolutional GAN (DCGAN) generation for IPM rotor-shape
design, starting from 56,400 topology optimization images and then verifying selected
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generated candidates in JMAG [43]. Sato and Igarashi used a VAE to embed PM EM
topologies in a latent space and combined it with NN-based optimization and Monte Carlo
dropout to penalize unreliable latent space predictions [30]. These examples show that
generative Al can broaden the candidate-design space, but the generated geometries still
require high-fidelity verification.

For this reason, generative design should be reviewed critically as a candidate-
generation tool embedded in a validation loop, not as an autonomous design method.
A generated rotor or stator geometry must still satisfy electromagnetic performance, stress
limits, insulation and bridge constraints, manufacturability, demagnetization margin, and
assembly feasibility. TL may reduce the data burden by reusing geometric features learned
from related topology optimization tasks, as suggested by Asanuma et al. [44], but transfer
validity must still be verified physically and not only statistically.

Taken together, the representative examples discussed in Section 4 show that the
Al methods differ not only in algorithmic form but also in design function. Figure 5
summarizes this connection by mapping each method family to typical EM design roles
without fixing the drawing to a particular reference set.

1. Statistical surrogates 3. Deep learning
® Fast parametric response Torque, ripple and loss e Image and field-map learning
approximation prediction e Topology screening
® Low-cost interpolation Magnet-volume and cost tradeoffs

® Latent-space representation
® Uncertainty-enabled sampling Parameter-space optimization

Al methods for
electrical machine design

* prediction ¢ optimization
* generation ¢ validation

4. Physics-informed 5. Bayesian / active learning 6. Generative / inverse design
® Governing-equation constraints ® Acquisition-guided sampling ® Candidate-geometry generation
® Boundary and residual losses ® Sample-efficient search ® Design-space expansion
® Improved physical consistency ® Uncertainty-aware optimization ® Validation-loop filtering

Figure 5. Representative Al-assisted EM design functions across the method families.

Table 2 summarizes the main Al method families discussed in this section and com-
pares their typical inputs, outputs, strengths, and limitations for EM design.

Table 2. Al methods and their role in EM design.

Method Family Typical Input Typical Output Strengths Limitations
RSM/polynomial Few scalar Objective Simple, fast, }I{l mlte.d to nqnllnear,
. . . . . igh-dimensional, or
models design variables approximation interpretable
topology problems
Kriging /GP Scalar variables plus Mean and Useful for BO and Scaling issues and
s FEM samples uncertainty estimate active learning kernel sensitivity
SVR/RE/ Design variables and Torque, loss, Flexible nonlinear U;‘i:ngli[fiito
boosting operating variables ripple, efficiency prediction parameterization
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Table 2. Cont.

Method Family

Typical Input

Typical Output

Strengths

Limitations

ANN/Deep
neural network

Design variables,
operating points, or

Performance maps,
flux, torque, losses

Handles nonlinear
mappings and

Requires data and
careful generalization

sampled fields larger datasets testing
Images, field maps, . Good for topology Large datasets and
. Topology screening, N .
CNN and material - optimization and weak physical
. parameter prediction | .
distributions image-like geometry guarantees
Coordinates, fields, Electromagnetic Embeds governing Hard to formulate
PINN/ . .
hvbrid model boundary, and response or equations and can for nonlinear
Y physics residuals field solution reduce data needs rotating machines
Acquisition function
BO Design variablesand ~ Sequential selection Sample-efficient and surrogate
expensive simulations  of promising designs optimization assumptions affect
results
Latent variables or Supports inverse and Requires strict
GAN/VAE Candidate geometries validation and manu-

design images

generative design

facturability filtering

5. Al for Electromagnetic Design

The most mature use of Al in EM design remains electromagnetic performance pre-
diction. Typical outputs include average torque, torque ripple, cogging torque, back
electromotive force, flux linkage, dg-axis inductances, iron loss, magnet loss, demagnetiza-
tion risk, and efficiency-related quantities [9,11]. Many studies focus on IPMSMs because
they are common in traction applications and because rotor geometry strongly influences
torque production, saliency, ripple, demagnetization, and mechanical feasibility.

A key advantage of Al-assisted electromagnetic design is the possibility of separating
expensive field calculation from repeated optimization. For example, a surrogate can
predict torque or flux quantities for thousands of candidate geometries after an initial FEM-
generated dataset has been prepared. In topology optimization, CNN-based screening can
reduce the number of FEM calls by avoiding low-potential candidates [14]. In parameter
optimization, ML surrogates can be coupled with NSGA-II [45], BO [10], or surrogate-
assisted evolutionary algorithms [21]; specific machine design case studies include CPAR-
HIPMSM optimization [22], PM volume minimization workflows [23], and EV-oriented
IPMSM optimization [25].

The field is, however, unevenly distributed. PMSM and IPMSM cases dominate the
literature, while fewer Al-assisted design studies focus on IMs, SRMs, AFMs, FMMs, or
HSMs. This creates an important gap. A review article should avoid the impression
that Al-driven machine design is equivalent to IPMSM surrogate modeling. Instead,
PMSM/IPMSM studies should be presented as the most mature demonstration area, while
other topologies should be identified as underrepresented.

This imbalance is also reflected in the representative studies reviewed in this paper.
The most complete Al-assisted design workflows are concentrated around PMSM, IPMSM,
IPM, and related PM topologies, whereas non-PM machine families appear less frequently
as complete Al-assisted design cases. Similarly, much of the available evidence remains
simulation- or FEM-validated, while prototype or measurement validation, explicit manu-
facturing constraints, and sustainability metrics are reported only in a smaller subset of
studies. These observations are used here as synthesis evidence for the critical review, not
as a claim of systematic bibliometric completeness.
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Design targets also remain narrow in many papers. Torque and torque ripple are
common because they are directly available from FEA and are important for machine
performance. However, a practical machine cannot be accepted based only on these metrics.
Electromagnetic designs should also be checked for field weakening, iron and magnet
losses, temperature-dependent material behavior, demagnetization, mechanical bridges,
rotor stress, insulation limits, and operating-map performance. The review therefore
distinguishes between “electromagnetic optimization” and “design-ready optimization”.

6. Al for Multi-Physics, Robustness, and Uncertainty-Aware Design

EM design is intrinsically multi-physics. Electromagnetic performance affects losses;
losses drive temperature rise; temperature changes winding resistance and magnet proper-
ties; rotor geometry affects mechanical stress, and electromagnetic force harmonics drive
vibration and acoustic noise. Al models trained only on electromagnetic objectives may
therefore favor geometries that are thermally, mechanically, or acoustically unattractive.
Multi-physics design is one of the most important directions for the next stage of Al-assisted
EM design [9,11].

This concern is aligned with the broader metamodeling literature in multidisciplinary
design optimization, where surrogate accuracy, model management strategy, variable
fidelity, and validation of coupled responses are recognized as persistent challenges rather
than solved issues [46]. For Al-assisted EM design, this means that a surrogate validated
only for electromagnetic response cannot automatically be assumed valid for coupled
thermal, mechanical, acoustic, or lifecycle decisions.

Thermal design is particularly important because temperature constraints often limit
continuous torque and power density. Al can accelerate thermal network calibration,
hotspot prediction, cooling-channel optimization, and efficiency-map evaluation. Nev-
ertheless, thermal Al models require careful reporting of boundary conditions, coolant
temperature, flow rates, heat-transfer coefficients, loss separation, winding impregnation,
insulation class, and housing assumptions. A model that predicts temperature accurately
for one cooling arrangement may not generalize to another.

Mechanical and demagnetization constraints are equally important. In IPMSMs and
HSMs, bridge thickness, PM retention, sleeve sizes, centrifugal stress, and PM segmentation
can determine whether an optimized rotor is feasible. Magnet volume minimization studies
are valuable only when demagnetization constraints are included [23,26]. Robust BO under
geometric and material uncertainty is therefore a significant advance because it moves the
field from nominal performance toward probability-aware design [16].

NVH remains less developed in Al-driven machine design than torque or efficiency
prediction. However, acoustic quality is essential in traction, aerospace, domestic, and
industrial applications. Future AI workflows should include radial force harmonics, struc-
tural transfer functions, torque ripple, electromagnetic vibration sources, and acoustic
metrics. This requires coupling electromagnetic simulation with structural and acoustic
models, or building multi-fidelity surrogates that can connect electromagnetic harmonics
to measurable vibration and sound-pressure indicators.

Uncertainty reporting is a recurrent weakness. Many studies report root mean square
error (RMSE), coefficient of determination (R?), or maximum error on a validation set
drawn from the same distribution as the training data. This does not establish design
reliability. More useful evidence includes extrapolation tests, independent topology tests,
error near Pareto front candidates, uncertainty bands on objective functions, sensitivity to
material properties, and FEM or experimental verification of selected optimized designs.
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7. Manufacturability-Aware Al Design

A geometry predicted by Al may be electromagnetically attractive but impossible,
expensive, or unreliable to manufacture. Manufacturability must therefore be treated
as a first-class design constraint. For laminated machines, constraints include bridge
thickness, punchability, lamination web integrity, minimum feature size, slot opening
limits, insulation clearance, magnet insertion, skew feasibility, and assembly tolerances.
For hairpin machines, constraints include bending radius, conductor transposition, weld
access, pin height, copper filling, insulation damage, and end-winding packaging. For
additively manufactured components, constraints include build orientation, support re-
moval, powder evacuation, thermal distortion, surface roughness, anisotropy, porosity, and
post-processing needs.

The current Al design literature often treats manufacturability indirectly through
lower and upper bounds on geometric variables. This is not enough. A design-ready Al
workflow should encode hard manufacturing constraints, soft cost penalties, and tolerance
sensitivity. It should also distinguish between a design that can be simulated and a design
that can be manufactured, assembled, insulated, cooled, tested, repaired, and recycled.

Production data can also close the loop between design and manufacturing. Al-based
vision inspection of hairpin welding and other production steps is not directly an EM design
method, but it illustrates how manufacturing data can inform future design constraints [47].
For example, weld defect distributions, conductor-position variability, slot-fill deviations,
and assembly tolerances can be fed back into robust design optimization. This creates a
path from Al-assisted inspection to Al-assisted design-rule refinement.

Only a compact set of AM examples is retained here, not as Al-method evidence,
but as boundary evidence for manufacturability-aware Al. Printed SRM, IM, axial flux,
and SynRM/SynRel prototypes show that Al-generated or Al-optimized geometries must
account for printed magnetic-material properties, eddy-current losses, post-processing,
mechanical margins, assembly, and machine-level validation before they can be considered
design-ready [48-52]. The detailed assessment of AM processes is outside the scope of
this review.

EM case studies illustrate why these manufacturing links matter. The CPAR-HIPMSM
study of Ji et al. is more design-ready than purely numerical optimizations because FEM-
based optimization is followed by prototype validation, which exposes torque ripple and
average torque predictions to real manufacturing and assembly effects [22]. The robust
BO study of Reyes-Reyes et al. shows a complementary route: geometric and magnetic-
material uncertainties are included directly in the optimization of a PMaSynRM, so the
selected solution is judged by robustness rather than nominal torque alone [16]. Similarly,
demagnetization-constrained PM volume minimization in IPMSMs demonstrates that mate-
rial reduction is not a manufacturable design objective unless irreversible demagnetization
and operating limits are included [26]. These examples show that manufacturability-aware
Al design should not be restricted to production data analytics; it must also encode the
geometric, material, thermal, and assembly constraints that decide whether an optimized
EM can be built and operated reliably.

8. Sustainability and Critical Material-Aware Al Design

Sustainability-aware EM design should be distinguished from simple efficiency maxi-
mization. Higher efficiency reduces use-phase losses, but lifecycle performance also de-
pends on material extraction, manufacturing energy, critical material exposure, repairability,
recyclability, and end-of-life recovery. A lifecycle-aware Al workflow should therefore
specify the system boundary, duty cycle, material inventory, manufacturing assumptions,
expected lifetime, recycling scenario, and performance penalty associated with material
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substitution [53-55]. In the context of EMs, the most important sustainability variables
include rare-earth PM mass, ferrite substitution, copper mass, aluminum alternatives,
electrical steel grade, manufacturing scrap, winding repairability, magnet recovery, and the
recyclability of stator, rotor, winding, and housing assemblies.

To avoid shifting the review toward additive manufacturing, the sustainability dis-
cussion below focuses on Al-linked EM design examples, such as PM volume reduction,
ferrite/NdFeB substitution, hybrid PM optimization, lifecycle boundaries, and Al compu-
tational cost, rather than adding a separate AM-manufacturing subsection.

Critical material risk is especially relevant for PM EMs because rare-earth supply
chains are exposed to price volatility, geopolitical concentration, and environmental bur-
dens associated with extraction and separation [56,57]. This does not imply that all rare-
earth PM machines should be replaced, because torque density, efficiency, demagnetization
resistance, and thermal robustness remain application-dependent. Instead, Al-assisted de-
sign should enable quantitative comparison between rare-earth-intensive PMSMs /IPMSMs,
rare-earth-reduced hybrid ferrite/NdFeB machines, ferrite-assisted PM machines, PMaSyn-
RMs, SynRMs, SRMs, IMs, and modular or fault-tolerant machine concepts [58]. Such a com-
parison should include not only torque, ripple, and efficiency, but also magnet mass, copper
use, cost volatility, recycling pathway, repairability, and end-of-life recovery [3,13,27].

The computational cost of Al should also be reported [59]. In Al-assisted EM design,
the main environmental burden may come not from training the final NN, but from
generating thousands of FEM or multi-physics samples [60,61]. Future studies should
therefore report the number of simulations, solver time, training hardware, training time,
and, where possible, an approximate energy or carbon-footprint estimate. Al provides
a sustainability benefit only if this computational cost is justified by model reuse, fewer
prototype iterations, improved operating-map efficiency, reduced critical material use, or
better manufacturability.

Hybrid rare-earth and ferrite machines provide an example of material-aware
design [57,62]. Poudel and Amiri used a hybrid PM structure and optimized the magnetic
arrangement to reduce harmonic content and cogging torque [63]. Guo et al. proposed
an IPMSM design that integrates ferrite magnets with an ML-based surrogate model to
improve EV EM performance while addressing material cost considerations [27]. PM
volume minimization studies are also relevant, but they should be evaluated together with
torque density, efficiency, demagnetization margin, thermal behavior, and manufacturing
robustness [23,26].

The sustainability argument is therefore grounded in concrete EM design cases.
Shimizu et al. show how ML can reduce PM volume in IPMSMs, but their demagnetization-
constrained extension also indicates that material saving must be evaluated together with
irreversible demagnetization risk [23,26]. Guo et al. provide a rare-earth-reduction example
in which ferrite regions are added to unused rotor spaces and optimized by an ML sur-
rogate, linking topology change, magnet substitution, torque improvement, and material
cost reduction [27]. Poudel and Amiri further show that a hybrid PM arrangement can
be optimized by a DL workflow for reduced harmonic distortion and cogging torque [63].
These studies support a practical conclusion: sustainability-aware Al cannot be limited
to generic lifecycle discussion, but should compare EM-specific trade-offs among torque
density, PM mass, demagnetization margin, losses, manufacturability, and recyclability.

Al itself has an environmental footprint because training and inference consume
energy. Delanoé et al. propose evaluating AI models for CO, emission reduction by con-
sidering both positive impacts and negative impacts from model training and use [64].
Although that study is not specific to EM design, the logic is useful: Al-assisted design
should demonstrate a net engineering benefit. For EMs, the computational cost of generat-

https://doi.org/10.3390/designs10040076


https://doi.org/10.3390/designs10040076

Designs 2026, 10, 76

16 of 26

ing thousands of FEM samples and training deep models should be justified by design reuse,
reduced prototype iterations, improved efficiency maps, or reduced critical material use.

At present, the strongest demonstrated sustainability-related Al evidence in EM design
concerns EM-specific material or performance trade-offs, such as PM volume reduction, fer-
rite/NdFeB substitution, and demagnetization-constrained optimization. Broader lifecycle,
recyclability, and Al-footprint metrics are therefore treated as deployment requirements
and reporting targets rather than as mature, widely demonstrated evidence across the
current EM design literature.

A forward-looking review should therefore frame Al-driven EM design as resource-
aware optimization, not only as performance optimization. The objective set should
gradually expand from torque, ripple, and efficiency to include magnet mass, copper mass,
material criticality, cost volatility, recyclability, repairability, and digital product passport
information. Such objectives are harder to model than electromagnetic performance, but
they are necessary if Al-assisted design is to support sustainable electrification rather than
only faster optimization.

9. Validation, Benchmarking, and Trustworthy Al

Trustworthy Alin EM design requires more than a high validation set R2. The evidence
must show that the model is valid for the design decisions it supports. A surrogate used to
screen low-performance candidates has different evidence requirements from a surrogate
used to replace FEM near the final Pareto front. A generative model used to propose shapes
has different evidence requirements from a PINN used to estimate fields. A robust optimizer
used to guarantee performance under uncertainty requires still stronger validation because
its predictions affect probability-based design decisions.

Several recurring weaknesses can be identified.

First, many datasets are generated from a narrow parametric range and then randomly
split into training and validation sets. This tests interpolation, not extrapolation.

Second, some studies report average regression metrics but not worst-case errors near
constraint boundaries.

Third, optimized solutions are sometimes validated only by the same simulation
environment used to generate training data. Fourth, experimental validation remains
scarce relative to FEM validation. Fifth, material properties, thermal boundary conditions,
mesh assumptions, and operating points are not always reported in enough detail to
reproduce the result.

These weaknesses are not unique to EMs. Cross-disciplinary work on metamodeling
and physics-guided ML similarly shows that surrogate accuracy, extrapolation behavior,
model-form uncertainty, and the coupling between learned and physics-based components
must be reported if the model is used for engineering decisions rather than only for
interpolation [39,46].

Explainability is also important. EM designers need to understand whether a model
has learned physically meaningful trends or only statistical correlations. Explainable deep
NN for EM design, sensitivity analysis, feature importance, saliency maps, and physics-
informed residuals can help connect Al outputs to design reasoning [65,66]. However,
explainability should not be decorative. It should be used to identify design rules, detect
spurious correlations, and support human-in-the-loop decisions.

Trustworthy Al-driven EM design requires more than low prediction error on a test
dataset. As summarized in Figure 6, trustworthiness depends on physical validity, predic-
tive accuracy, uncertainty quantification, explainability, manufacturability, sustainability,
experimental validation, and traceability. These dimensions are mutually dependent: for
example, a highly accurate black-box model may still be unsuitable for design deployment
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if it is not valid outside its training domain, if it ignores manufacturing tolerances, or if its
predictions cannot be verified against prototype or test-bench evidence.

Physical validity

governing laws
loss models
material nonlinearity

Predictive accuracy Uncertainty quantification Explainability
MAE / RMSE / R2 confidence intervals feature relevance
map-level error out-of-domain risk design-rule extraction
Pareto reliability robustness margins human review

Trustworthy
Al-Driven
EM Design

Validated decisions,
not only fast
predictions

Manufacturability

tolerances
process constraints
assembly feasibility

Sustainability Experimental validation Traceability
critical materials prototype tests datasets
lifecycle indicators thermal/NVH checks model versions
Al footprint demagnetization tests reproducible workflow

Figure 6. Trustworthy Al framework for EM design.

Benchmarking is a major gap. The field lacks widely accepted open benchmark ma-
chines, geometry parameterizations, operating points, loss models, material datasets, and
tolerance scenarios for Al-assisted design comparison. This makes it difficult to compare
reported speedups, accuracy, and generalizability across studies. A future community
benchmark should include at least one PMSM /IPMSM, one variable reluctance machine,
one IM or SRM case, and one AFM or HSM. For each benchmark, the geometry, materials,
operating map, loss definitions, thermal boundary conditions, and validation datasets
should be openly specified. Table 3 consolidates the minimum reporting checklist proposed
for future Al-driven EM design studies.

Table 3. Minimum reporting checklist for Al-driven EM design studies.

Reporting Item Minimum Information Importance Relevant Study Type
. . ToPolc?gy rating, slot/pgle Defines the domain .
Machine definition combination, geometry variables, -1 All studies
. of validity
material data
. FEA type, mesh, solver, sampling Controls surrogate Surrogate and
Data generation method, sample number, . )
. . accuracy and bias DL studies
failed/outlier samples
Inputs and outputs Design Val"lables, 0peF§t1ng Ve.arlables, Prevents ambiguous All studies
predicted quantities, units model use

Training protocol

Split strategy, hyperparameters, loss
function, normalization, and random  Affects reproducibility = ML/DL/PINN studies

seeds if possible

Error reporting

Mean absolute error
(MAE)/RMSE/R?, maximum error, Average error alone
error near constraints or is insufficient
Pareto points

All predictive models
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Table 3. Cont.
Reporting Item Minimum Information Importance Relevant Study Type
Material limits, saturation, . .
. . o . . Prevents nonphysical Electromagnetic and
Physical consistency demagnetization, field constraints, . .
designs PINN studies

boundary conditions

Multi-physics boundary
conditions

Thermal, mechanical, NVH, and Determines

control assumptions design-readiness Multi-physics studies

Optimization evidence

Algorithm, objectives, constraints,
number of FEM calls,
final verification

Separates speedup from

design quality Optimization studies

Robustness evidence

Tolerance model, material
uncertainty, probability constraints,
sensitivity analysis

Supports manufacturing

. Robust design studies
readiness

Validation level

Analytical, FEM, multi-physics,
prototype, experiment, Establishes maturity All studies
independent test

10. Design-Readiness Framework

To move beyond algorithm comparison, a design-readiness scale for Al-assisted EM
design is proposed. The scale is intended to classify the maturity of evidence behind an
Al-assisted design claim.

e DI, algorithm demonstration: the Al method is demonstrated on a simplified example,
without design constraints beyond a small set of electromagnetic quantities.

e D2, FEM-trained surrogate for one topology: the model predicts selected performance
indicators for a fixed topology or parameterization, with validation against held-out
FEM data.

e D3, a multi-objective design study with electromagnetic constraints: the model is
embedded in an optimization loop, and selected designs are rechecked by FEM.

e D4, multi-physics and manufacturability-aware optimization: thermal, mechanical,
demagnetization, NVH, or manufacturing constraints are included and verified.

e D5, prototype-validated Al-assisted design: at least one optimized machine is built
and experimentally tested, and model predictions are compared with measurements.

e D6, industrially deployable workflow: the Al tool includes uncertainty quantifica-
tion, traceability, versioning, design-rule integration, manufacturability filters, and
repeatable validation across multiple designs or product families.

The levels are cumulative and evidence-based. Progression from D2 to D3 requires
that the learned model is not only accurate on held-out FEM data but is embedded in an
optimization loop and that selected optimum candidates are re-evaluated by high-fidelity
FEM. Progression from D3 to D4 requires explicit inclusion and verification of at least one
non-electromagnetic constraint family, such as thermal limits, rotor stress, demagnetization,
NVH, tolerances, material variability, or manufacturing rules. Progression from D4 to D5
requires prototype or measurement evidence for at least one optimized design, including
comparison between predicted and measured quantities under stated operating conditions.
Progression from D5 to D6 requires repeatability across more than one design case or
product family, traceable datasets and model versions, uncertainty quantification, docu-
mented design rules, manufacturability filters, and integration into an industrial design or
digital-thread environment.

To compare Al-assisted EM design studies beyond algorithmic accuracy alone, this
review proposes the design-readiness ladder shown in Figure 7. The ladder distinguishes
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between early algorithm demonstrations, single-topology FEM-trained surrogates, realistic
multi-objective optimization studies, multi-physics and manufacturability-aware work-
flows, prototype-validated studies, and industrially deployable closed-loop design environ-
ments. This is important because a model that performs well on a narrow FEM-generated
dataset may still be far from a reliable design tool if it lacks uncertainty quantification,
manufacturing constraints, physical traceability, or experimental validation.

Industrial closed-loop deployment
Versioned data, traceable models, digital twin feedback, design-rule reuse, and Deploy

qualification evidence

& | J/
=
- 4 A = A N\
% Prototype-validated Al-assisted design
Ty Measured torque, losses, temperature, NVH, demagnetization, and uncertainty evidence
59 \ J
b=
(LS ( a a TR - o N\
T © Multi-physics and manufacturability-aware optimization
© 2 Electromagnetic, thermal, mechanical, NVH, tolerance, assembly, and production
>. t \_ constraints )
[
N E s o T . B
SS Realistic multi-objective design study
K] ‘—i Torque, ripple, loss, effici y, cost, acti ial mass, and Pareto-front
5 ) \_ assessment y

T

m'U 4 N\
% c Single-topology FEM-trained surrogate
g © A trained model for one motor family, limited parameters, and restricted operating
5 \_ points )
=

( Algorithm demonstration
Toy geometry, simplified physics, limited metrics, or proof-of-concept acceleration Prove
\

Higher Al sophistication must be matched by stronger physical, manufacturing, and experimental evidence
Figure 7. Design-readiness ladder for Al-assisted EM design.

Many published studies currently fall between D2 and D3. Studies with prototype
validation, such as the consequent-pole asymmetric rotor hybrid IPMSM work, are more
mature because they connect surrogate-assisted optimization with physical testing [22].
Robust BO under uncertainty reaches an important part of D4 because it incorporates man-
ufacturing and material variability, although prototype validation would still be required
for D5 [16]. The purpose of the scale is not to rank papers mechanically, but to clarify
what type of evidence is needed for a claim such as “Al accelerates design”, “ Al improves
performance”, or “Al supports industrial deployment”.

Table 4 provides an evidence-oriented classification of the representative studies
discussed in this review according to machine topology, Al method, design function,
data source, and approximate validation or design-readiness level. The table is arranged
from broad review and methodological foundations to application-oriented Al studies,
progressing through surrogate and ML examples, DL and generative approaches, physics-
informed methods, and Bayesian or robust design workflows. To avoid scope drift, only one
compact final row is retained for selected AM EM prototypes; this row is not counted as Al-
method evidence and is included only to indicate manufacturability boundary conditions
that future Al-assisted workflows must encode.

To make the evidence base more transparent, Table 5 summarizes the distribution
of the studies classified in Table 4 according to machine topology, Al method family,
design objective, data source, validation level, and consideration of manufacturability or
sustainability. The table is not intended as a bibliometric census of the full literature, but
as a compact evidence map of the studies used in this critical review. The non-AI AM
entries are coded separately as EM design constraint evidence and are not used to inflate
the number of Al-driven design studies.
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Table 4. Classification of selected studies.
Reference Machine/ AI Method Design Function Prelln?mary
Topology Readiness
Cheng et al. Statistical, ML, DL, Review of data-driven Review
EMs, broad and Al-based .
[9] surrogate models foundation
surrogates
Surrogate modelsand (G IEE LSRR Review
Liuetal. [11] EMs, broad multi-objective p . & .
L construction and foundation
optimization S S
multi-objective optimization
Forrester etal. = Engineering design, Surrocate modelin surr(IjO:tI; c_is;c:c; focl);si 0 Method
[19] broad & & gate-basec & foundation
optimization
Expensive Surrogate-assisted Methodological foundation
. I . Method
Jin [40] optimization evolutionary for model management and .
. : . foundation
problems, broad computation approximate evaluations
Viana et al. dM.ult1d1sc'1p1'1naFy Metamodeling/ Validation an d use of Method
esign optimization, ! metamodels in coupled .
[46] surrogate modeling . foundation
broad design workflows
Willard et al. E:f;ﬁiiggﬂi;ﬁ Physics-guided ML/ Taxonomy for integrating Method
[39] hybrid physics-ML  scientific knowledge and ML foundation
systems, broad
TR Method foundation for
Deb et al. [45] Mul.tl-o.b jective NSGA-II evolutionary multi-objective Metho.d
optimization, broad R foundation
optimization
. Electric machines, Surrogatg-assmted Repeatable multi-objective D3/workflow
Choi et al. [21] evolutionary .
broad N design workflow example
optimization
Tahk[(;lga] etal PMSM ANN surrogate Torque prediction workflow D2
Jietal. [22] CPAR-HIPMSM BO-SVR + SS-NGO Torque improvement and D5 candidate
ripple reduction
Shimizu etal.  [PMSM fo.r automotive ML surrogate PM volume minimization D3
[23] applications
Shimizu [24] IPMSM fo.r automotive ML surrogate EfflClepcy optimization D3
applications considering control
Shimizu etal. IPMSM for automotive GP regress10n1(GPR) Demagn.ehzatlon-
[26] applications surrogate + real-coded constrained PM D3-D4
GA (RCGA) volume minimization
Combinatorial . Lo
Yu et al. [25] IPMSM for EVs surrogate + EV—orlente.d rpult.l-ob]ectlve D3
. . . optimization
hierarchical design
Guoetal. [27]  IPMSM for EVs ML surrogate with Hybrid PM/ferrite D3
fine/coarse mesh data design optimization
Garmut et al. IPMSM NN Cor.npu.tatl'onally .eff}c1er.1t D3
[32] multi-objective optimization
Yuanand Tao - pyreng for aircraft NN _ Multi-objective D3
[31] aircraft-machine optimization
Sasaki and . Topology screening and
Igarashi [14] IPM machine CNN +GA FEM reduction D2-D3
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Table 4. Cont.
Reference Machine/ Al Method Design Function Prelln?mary
Topology Readiness
Sato et al. [15] Mult1—matgr1al IPM CNN surrogate dq parameter pr.ed¥ct1(?n and D2-D3
machine topology optimization
Poudel and . . Air-gap flux prediction and
Amiri [63] Hybrid PM machine Deep neural network cogging/THD optimization D2-D3
Sato and . VAE + NN + Monte Laten’F space topology
Iparashi [30] PM machine Carlo dropout optimization and D3
& reliability filtering
Lee and Generative rotor-shape
IPM rotor CNN + DCGAN candidate synthesis and D2-D3
Ha [43] e e
FEM verification
Asanuma et al EM topolo Reuse of learned geometric
' _OPOIOBY TL features across D2-D3
[44] optimization L
optimization tasks
Electromagnetic r jal D2, with
Son et al. [35] PMSM PINN ectromaghet.c response measurement
modeling .
comparison
Robust optimization under . .
Reyes-Reyes PMaSynRM BO + Kriging geometry and D4 simulation-
etal. [16] . . level
material uncertainty
Asefand Traction EMs Physics-informed BO ~ Rapid design development D3-D4
Vagg [41]
Guesmia et al. PMSM for e-bike Al-assisted BO L1ghtwe1gh’§ tr-actlc.)n-machme D3
[42] optimization
Compact manufacturability =~ Context only;
Selected AM SRM, IM, AFM, Not Al-method boundary evidence for not counted as
boundary SynRM/SynRel evidence material, loss, Al-method or
cases [48-52]  prototypes post-processing, assembly, Al-design
and validation constraints evidence

Table 5. Compact evidence distribution derived from the representative studies in Table 4.

Coding Distribution in Representative Critical Interpretation
Dimension Application/Workflow Studies P

PM/PMSM/IPMSM/IPM-related: dominant majority;

Topology famil PMaSynRM: one robust design example; broad/special EM  Confirms that the imbalance is a literature

polosy y workflows: several; IM/SRM/AFM/HSM/FMM: mainly feature, not an omission of the review.

identified as underrepresented Al-design evidence.
Classical surrogate/ ML methods dominate; CNN/DL, i?;ﬁi;ﬁz:iiai(gggggm Egg:fgrsllon

Al method family GAN/VAE/TL, PINN, BO and robust BO appear in smaller L &

but methodologically important subsets.

uncertainty-aware design, and
physics-informed modeling.

Design objective

Torque, torque ripple, cogging torque, PM volume,
efficiency, and topology screening are most frequent;
thermal, NVH, manufacturability, recyclability, and lifecycle
objectives are much less frequent.

Supports the distinction between
electromagnetic optimization and
design-ready optimization.

Data source

Most reviewed design studies rely on FEM-generated
datasets; fewer combine FEM with measurements or
prototype evidence.

Explains why the manuscript emphasizes
traceability, uncertainty reporting, and
prototype validation.

https:/ /doi.org/10.3390/ designs10040076


https://doi.org/10.3390/designs10040076

Designs 2026, 10, 76

22 of 26

Table 5. Cont.

Coding
Dimension

Distribution in Representative

Application/Workflow Studies Critical Interpretation

Validation level

Most studies fall around D2-D3; robust uncertainty-aware
studies approach D4; only a small subset provides
prototype or measurement evidence approaching D5.

Quantifies the gap between algorithmic
accuracy and design readiness.

Manufacturing and
sustainability

Explicit manufacturing constraints, tolerance models,

rare-earth reduction, PM minimization, or lifecycle-oriented  Supports Sections 7 and 8 without
criteria appear only in selected Al-assisted studies. A small treating AM papers as core Al-method
set of AM EM prototypes is mentioned separately only as studies.

manufacturability boundary evidence [48-52].

The counts in Table 5 should be read as a coded evidence map of the representa-
tive studies reviewed in depth, not as an exhaustive bibliometric distribution. The AM
case-study entries are kept separate from the Al-method evidence so that the review re-
mains aligned with its title while still grounding the manufacturability and sustainability
discussion in real EM design constraints.

11. Future Research Directions

The first research direction is physics-informed, multi-fidelity learning. Future models
should combine analytical models, 2-D FEA, 3-D FEA, thermal networks, high-fidelity
multi-physics simulations, and experimental data. Multi-fidelity learning is particularly
important because 3-D FEA and prototype measurements are expensive, while 2-D FEA
and analytical approximations are cheaper but less complete.

This direction should include not only PINNs but also broader physics-guided and
hybrid physics—-ML formulations, because EM design often combines analytical models,
FEA, reduced-order models, empirical loss models, and measured data rather than a single
homogeneous data source [39].

The second direction is uncertainty-aware and robust Al design. Manufacturing
tolerances, magnetic-material variability, winding placement, magnetization variation,
lamination factor, and temperature-dependent properties should be integrated into op-
timization objectives and constraints. Robust design should be reported through the
probability of constraint satisfaction, sensitivity analysis, and independent verification, not
only through nominal Pareto fronts [16].

The third direction is topology transfer and representation learning. CNN, GAN, VAE,
and graph-based approaches should be tested across machine families, not only within one
fixed topology. TL studies already suggest that reusing learned geometric features may
reduce the cost of training new topology models [44]. However, transfer validity must be
defined in physical and geometric terms, not only by statistical accuracy.

The fourth direction is manufacturability-aware generative design. Al-generated
geometries should be filtered by manufacturing constraints, structural integrity, insulation
clearance, assembly feasibility, thermal interface quality, and cost. Generative models
should be coupled with rule-based and physics-based validators before FEM resources are
spent on candidate evaluation.

The fifth direction is sustainability-aware Al optimization. Future studies should
integrate rare-earth content, copper mass, ferrite substitution, aluminum alternatives,
recyclability, repairability, and lifecycle indicators. AI models should also report the
computational burden of dataset generation and training where sustainability claims are
made [64].

The sixth direction is open benchmarking and reproducibility. A field-level benchmark
would allow comparison of surrogate accuracy, speedup, generalizability, and design
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quality. Without benchmark machines and standardized reporting, the literature will
continue to consist of isolated case studies that are difficult to compare.

12. Conclusions

Al-driven EM design is moving from isolated surrogate acceleration toward broader
design workflow integration. Statistical surrogates and ML models are useful for low-
to-moderate-dimensional parameter optimization, while CNNs and other DL models
allow topology-aware screening and image-based geometry processing. PINNs provide a
promising route to embed electromagnetic laws into learning, and BO supports sample-
efficient design exploration and uncertainty-aware robust optimization.

Despite this progress, most studies remain closer to design acceleration than to full de-
sign readiness. The evidence base is strongest for PMSM and IPM machine electromagnetic
design, especially torque, torque ripple, cogging torque, flux, and inductance prediction.
The evidence is weaker for thermal, mechanical, NVH, manufacturability, lifecycle, and
sustainability integration. Experimental validation and open benchmarking remain limited.
Many studies also lack sufficient reporting of dataset construction, error near constraints,
material assumptions, uncertainty, and generalizability.

The central conclusion of this review is that Al should not be presented as a re-
placement for FEM, multi-physics simulation, expert judgment, or prototype testing. Its
most credible role is as a physics-aware, data-assisted, and validation-dependent design
accelerator. To become industrially useful, Al-assisted EM design must be traceable,
uncertainty-aware, manufacturable, and aligned with sustainability objectives.
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Abbreviations

The following abbreviations are used in this manuscript:

AFM Axial flux machine

AM Additive manufacturing

ANN Artificial neural network

BO Bayesian optimization

CNN Convolutional neural network
DCGAN Deep convolutional generative adversarial network
DL Deep learning

EM Electrical machine

EV Electric vehicle

FEA Finite element analysis

FEM Finite element method

FMM Flux-modulated machine

GA Genetic algorithm

GAN Generative adversarial network
GP Gaussian process

GPR Gaussian process regression
HSM High-speed machine

™M Induction machine
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IPM Interior permanent magnet

IPMSM Interior permanent magnet synchronous machine
MAE Mean absolute error

ML Machine learning

NN Neural network

NSGA-II Non-dominated sorting genetic algorithm II
NVH Noise, vibration, and harshness

PINN Physics-informed neural network

PM Permanent magnet

PMaSynRM  Permanent magnet-assisted synchronous reluctance machine
PMSM Permanent magnet synchronous machine

RCGA Real-coded genetic algorithm

RF Random forest

RMSE Root mean square error

RSM Response surface method

SRM Switched reluctance machine

SS-NGO Sequential subspace northern goshawk optimization
SVR Support vector regression

SynRM Synchronous reluctance machine

TL Transfer learning

VAE Variational autoencoder
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