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Abstract

This paper presents a multiphysics, Life Cycle Assessment (LCA)-based design optimiza-
tion framework for an interior permanent-magnet traction motor tailored to electric-vehicle
duty. The workflow couples driving cycle realism, electromagnetic–thermal analysis, and
life cycle assessment within a unified, computationally efficient process. Representative
operating points are extracted from WMTC and ECE cycles using clustering, after which a
multi-level Taguchi refinement searches the design space from coarse to fine. A weighted
composite objective balances machine cost and life cycle cumulative emissions under hard
constraints on torque capability and hotspot temperature. The optimized design satisfies
performance and thermal limits while simultaneously reducing both cost and life cycle
burden, as confirmed through phase-wise assessment of raw material, use-phase, and
end-of-life contributions. Iterative improvements are accompanied by rising signal-to-noise
ratios and reduced parameter-level spread, indicating greater robustness to operating
variability. Overall, the study demonstrates that an LCA-driven, multiphysics-constrained
optimization can deliver sustainable, high-performance IPM designs that are aligned
with realistic vehicle operating conditions and readily adaptable to alternative motor and
drive architectures.

Keywords: interior permanent magnet synchronous machine; driving cycle; electric vehicle;
life cycle assessment; design optimization

1. Introduction
The accelerating global transition toward electrified transportation has placed strong

emphasis on the efficient and sustainable design of electric drive systems for electric
vehicles (EVs). Among the different motor topologies, Interior Permanent Magnet (IPM)
machines have become the most widely adopted solution, owing to their high-power
density, superior efficiency, strong field-weakening ability, and compact structure. These
features make IPMs highly attractive for traction applications where performance across
wide speed ranges is required [1].

Nevertheless, IPM machines also present challenges that must be considered in their
design. Their reliance on rare-earth permanent magnets raises concerns about material
cost volatility, supply chain risks, and environmental impacts associated with magnet
production and recycling [2]. Compared to IPMs, Induction Machines (IMs) avoid rare-
earth elements and are known for their robustness and technological maturity, yet they
generally exhibit lower efficiency and more complex control at high speeds [3,4]. Switched
Reluctance Machines (SRMs) eliminate magnets and feature simple construction, but their
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use is limited by torque ripple, noise, and demanding control requirements [5,6]. Elec-
trically excited synchronous machines, PM-assisted synchronous reluctance motors, and
synchronous reluctance machines have also gained attention as rare-earth-free alternatives,
offering competitive efficiency and performance under realistic driving cycles [7].

For IPM machines, optimal design is strongly influenced by rotor geometry [8,9],
magnet placement, cooling strategies, and control methods, which must be carefully
tuned to match the dynamic and variable demands of EV driving cycles [10–12]. Tra-
ditional design practices that evaluate machines at fixed operating points or simplified
cycles cannot capture the transient and diverse operating conditions of EVs. There-
fore, driving cycle-based optimization methods have emerged as powerful tools to eval-
uate machine performance under realistic conditions, leading to more effective and
reliable designs [13–15].

Driving cycle optimization of PM motors for EVs has been pursued with diverse
algorithmic strategies. DOE- and Taguchi-based robust optimization methods have been
applied to account for demagnetization and manufacturing tolerances under driving cy-
cles [16,17]. Multi-objective GA combined with clustering and PCA enables the dimension-
reduced optimization of less-rare-earth PM motors across representative UDDS points [18].
Surrogate modeling and response surface methods, often coupled with differential evolu-
tion, accelerate full-cycle optimization and loss minimization in IPMSMs [19,20]. Multi-
region meshing approaches have been proposed to enhance energy efficiency by optimizing
representative high-energy regions over NEDC [2]. Deterministic geometry-based opti-
mization, supported by commercial solvers, has been used for light EV IPMSMs to expand
WLTC efficiency maps while reducing magnet usage [21]. In addition, drive-cycle-based
sizing and benchmarking studies validate tapped-winding and ferrite IPM concepts under
NYC and WLTP, respectively, showing performance trade-offs without algorithmic opti-
mization [22,23]. Models have demonstrated FCEV performance with IPMSM drivetrain,
finding ~93% motor efficiency and highlighting WLTP-cycle sensitivities [24].

From a sustainability standpoint, Life Cycle Assessment (LCA) has been increasingly
employed to evaluate the environmental impacts of electric machines, particularly focusing
on the use-phase energy efficiency and the role of rare-earth magnets [25–28]. Regard-
ing the LCA of the electrical machines, in [25], three configurations—IM, SynRM, and
PMSynRM—were analyzed for traction motor–drive applications. The findings revealed
that PMSynRMs incur the highest production-phase costs among the compared topolo-
gies; however, during the use phase, they exhibit a lower overall environmental footprint.
In [29], the influence of alternative manufacturing techniques on the carbon emissions
of synchronous generators was assessed, and several recommendations were proposed
to enhance environmental protection and energy sustainability. According to [30], for
AC machines operating continuously for 20,000 h or more, energy efficiency becomes the
dominant factor influencing LCA outcomes. Consequently, it was suggested that increasing
motor size to achieve optimal efficiency can effectively mitigate environmental emissions.
In [26], a comparative LCA between copper- and aluminum-cage IMs was performed,
demonstrating that when the machine is subjected to heavy operational duty, copper rotors
result in lower total environmental impacts. In [27], the LCA of electrical machines employ-
ing various material combinations was examined for all-electric aircraft applications. The
study concluded that, from an environmental standpoint, ferrite magnets and aluminum
conductors are less favorable, whereas cobalt–iron stator laminations and NdFeB magnets
reduce life cycle emissions due to improved machine efficiency. In [31], production-phase
LCA of four electric machine types—SynRM, PMSM, IM, and EESM—was conducted,
indicating that SynRM offers the highest sustainability and material efficiency for vehicu-
lar propulsion, primarily because it excludes permanent magnets and requires the least
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material mass. In [32], a case study on drill motors identified significant difficulties in
performing LCAs on electrical machines, stemming mainly from incomplete and low-
resolution life cycle inventory data across stages. Although the general environmental
tendencies were identified, the conclusions were subject to notable uncertainty, emphasiz-
ing the necessity for detailed, application-specific LCI datasets and harmonized testing
methodologies. In [33], the analysis of production-phase emissions across different motor
technologies highlighted that magnets, aluminum, and copper contribute substantially to
embedded carbon. Despite the higher embodied emissions of PM machines, their superior
operational efficiency tends to offset these impacts over the lifetime, rendering them the
overall more environmentally advantageous option. In [28], a cradle-to-grave LCA of
a switched reluctance motor for automotive use underscored its suitability for circular
economy practices because of its magnet-free architecture. The study further demonstrated,
through an eco-design scenario replacing copper with aluminum, that economically viable
solutions can simultaneously promote environmental sustainability when appropriately
integrated into the target application.

To the best of the authors’ knowledge, Conventional IPM motor studies have typically
optimized electromagnetic or cost performance in isolation, while LCA evaluations have
been performed only after the design stage. As a result, the environmental implications of
design decisions are rarely captured during optimization. This creates a methodological
gap between motor performance design and sustainability assessment. To bridge this gap,
the present study develops a multi-physics LCA-based design optimization framework
that integrates electromagnetic modeling, manufacturing cost estimation, and life cycle
carbon emission analysis within a single optimization loop. The framework is applied to
an IPM for an EV traction application to demonstrate its capability to balance performance,
cost, and environmental impact.

The research objectives of this study are twofold: (1) to formulate an optimization
structure that simultaneously minimizes cost and life cycle CO2 emissions and (2) to
quantify the environmental trade-offs associated with design improvements.

Our research hypothesis is as follows: embedding LCA metrics directly into the
design optimization process can yield measurable sustainability benefits with minimal
computational overhead compared to sequential or single-objective approaches.

2. Methodology
This section presents the methodological framework applied in this study. First, a

flowchart is provided to summarize the complete workflow from driving cycle analysis
to life cycle interpretation. Then, the motor under study and its main electromagnetic
and thermal characteristics are described. Finally, the LCA procedure is detailed, includ-
ing boundary conditions, databases, and assumptions. The detailed formulation of the
optimization algorithm and weighting strategy is presented separately in Section 3.

2.1. Methodological Flowchart

Figure 1 illustrates the sequential process developed for this study. The workflow
begins with the derivation of representative operating points from standard driving cycles,
which are used as inputs to the coupled electromagnetic–thermal finite element (FEM)
analysis of the IPM motor. The obtained performance indicators are then combined with ma-
terial and cost inventories to construct the life cycle inventory for environmental assessment.
The framework adopts a cradle-to-grave boundary and assumes a 15-year (≈180,000 km)
service lifetime for the motor. The LCA was performed using data from the EcoInvent
database, and the environmental impact was quantified in terms of CO2-equivalent emis-
sions, which serve as the primary indicator for evaluating the environmental performance
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of the motor. The calculated life cycle carbon emissions and cost data constitute the dual
objectives for the optimization process described in Section 3.
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Figure 1. Methodological framework for the integrated design–LCA optimization of the IPM motor.

2.2. Motor Under Study

In this study, an IPM motor designed for a three-wheel motorcycle application, with
a nominal power of 2 kW and peak power capability of 6.5 kW has been considered. Its
specifications are summarized in Table 1.

Table 1. Details of the Designed IPM Motor.

Parameter Value Parameter Value

Nominal power 2 kW Stator lamination M800
DC bus voltage 72 V Stator slot 36

Fill factor 0.35 Pole number 6
Magnet N42 Stator outer diameter 124

Axial length 160 mm Stator inner diameter 80 mm
Magnet length 3 mm Magnet width 10 mm

To validate the FEM model, a prototype was manufactured from a conventional
induction machine frame, rewound and adapted to accommodate permanent magnets.
The manufactured prototype is shown in Figure 2a. Performance validation was carried
out through back-EMF measurements, which were directly compared with finite element
method (FEM) predictions. As shown in Figure 2b, the FEM and experimental results match
closely, with only about 3% deviation, which can be attributed to uncertainties in magnetic
material properties and magnet remanence [34]. This excellent agreement confirms the
accuracy and reliability of the FEM model.

Given the proper compatibility between FEM simulations and experimental measure-
ments, the model is deemed valid for further optimization studies. In the present work, this
validated FEM model will be employed to optimize the IPM motor design for improved
performance under driving cycle conditions.
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(a) 

 
(b) 

Figure 2. (a) IPM motor prototype and (b) experimental results.

2.3. LCA Analysis

One of the objective functions in the optimization process is CE. To calculate this, a
LCA is required. The LCA of the IPM was carried out in accordance with ISO 14040 [35]
and ISO 14044 [36] standards, covering the four main phases: goal and scope definition, life
cycle inventory (LCI) analysis, life cycle impact assessment (LCIA), and interpretation. The
system boundary was defined as “cradle-to-grave,” encompassing raw material extraction,
manufacturing, operational use, and end-of-life (EoL) disposal and recovery.

2.3.1. Goal and Scope Definition

The primary objective of the LCA was to quantify the total CE of an IPM over its
entire life cycle and to identify the most carbon-intensive stages and components. Broader
electrification and decarbonization efforts, such as industrial carbon-capture integration,
highlight the sensitivity of life cycle assessments to grid intensity and policy contexts [37].
The functional unit was defined as one unit of an IPM operating over its designated service
life. The assessment covered three distinct life cycle stages: (1) raw material acquisition,
(2) use stage, and (3) end-of-life treatment. Emissions were quantified in terms of carbon
dioxide equivalents (CO2e).

2.3.2. Life Cycle Inventory (LCI)

In the inventory phase, detailed mass and material composition data were compiled
for all major components of the motor, including stator, rotor, housing, end caps, stator and
rotor windings, shaft, impregnation materials, and bearings. Each material was assigned
a corresponding CE factor (kgCO2e/kg), sourced from reliable databases such as the
Inventory of Carbon and Energy (ICE) and relevant EPDs.

Raw Material

The CEs attributable to each individual material or component during the raw material
acquisition stage were quantified based on its mass and corresponding emission factor, as
expressed by (1).

CEraw,i = mi × EFi (1)

where CEraw,i is the CEs associated with material i in the raw material stage (kgCO2e), mi

is the mass of material i (kg), and EFi is the CE factor of material i (kgCO2e/kg), obtained
from LCA databases [38] and literature sources [33].

Use Stage

In the use stage, the total CE was estimated based on the motor’s energy consumption
over its expected driving cycle. This energy consumption (in kilowatt-hours) was then
translated into equivalent CEs by multiplying with the average carbon intensity of elec-
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tricity in the UK, taken as 0.233 kgCO2e/kWh. The use-phase CE (CEuse) was calculated
using (2).

CEuse =
(

Ecycle

)
× Ncycle × CI (2)

where Ecycle is the consumed energy over the considered driving cycle, Ncycle is the total
number of driving cycle to account the whole life time of the IPM, and CI is the carbon
intensity of the electricity grid (kgCO2e/kWh), here CI = 0.233. The carbon intensity
used for the electricity consumption during the use-phase was set to 0.233 kg CO2-eq per
kWh, representing the average grid electricity emission factor for the United Kingdom in
2023. This value was obtained from [39], which reports figures derived from the official UK
Government dataset Greenhouse Gas Reporting: Conversion Factors 2023 published by
the Department for Energy Security and Net Zero (DESNZ) [40]. According to this report,
the UK electricity-generation mix in 2023 consisted of approximately 48% renewables, 36%
fossil fuels (predominantly natural gas), and 15% nuclear. This mix reflects the composition
underlying the reported carbon-intensity factor and was used to model the use-phase
environmental impacts in this study.

End of Life

For the end-of-life stage, a material recovery model was used. The EoL environmental
credit is calculated based on each material’s recyclability, recovery efficiency, and CE factor,
as expressed in (3), which estimates the negative CO2e impact from material recovery.

EoLi = −CEraw,i × Ri × ηi (3)

where CEraw,i is the total CE of component i during raw material stage (kgCO2e), Ri is the
Recyclability rate of component i (unitless, 0–1), and ηi is the Material recovery efficiency
for component i during EoL processing (unitless, 0–1). A detailed breakdown of the CE
contributions by component is provided in Table 2. Emission factors were taken from the
EcoInvent database, and end-of-life recyclability and recovery efficiencies were compiled
from authoritative industrial and agency sources: WorldAutoSteel, World Steel Association,
European Aluminium, EuRIC, the International Copper Association, UNEP/IRP, and
IEA/EREAN rare-earth recycling studies. These values, summarized in Table 2, reflect
present European recycling performance for automotive electric-machine materials.

Table 2. A detailed breakdown of the CE contributions by component [38].

Component Material EFi Ri ηi

Stator M800-50A 2.2 0.9 0.92
Rotor M800-50A 2.2 0.9 0.92

Housing Aluminum 18.6 0.93 0.95
End Caps Aluminum 18.6 0.93 0.95

Stator Winding Copper 6 0.65 0.9
Permanent Magnet N42 31.4 0.01 0.5

Insulation Nomex 6 0 0
Shaft CK45 1.37 0.95 0.95

Impregnation Epoxy 5.09 0 0
Bearing Steel 4.62 0.95 0.95

Life cycle impact assessment (LCIA), and interpretation will be discussed in Section 4.2.
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3. Design Optimization
The geometry parameters of the IPM motor are presented in Table 3. To avoid geomet-

ric intersections between structural features, most of the parameters are defined as ratio
values relative to key reference dimensions.

Table 3. Variation Range of Geometry Parameters.

Parameter Symbol Variation Range

Stator outer diameter (mm) Dor 125
Airgap (mm) lg 0.65

Tooth Tip Depth Tt [1 2]
Magnet thickness M [2.5 3.5]
Axial length (mm) L [75 85]

V-angle θ1 [160 180]
The ratio of stator bore to stator diameter α1 [0.6 0.7]

The ratio of slot depth to stator lam thickness α2 [0.55 0.65]
The ratio of tooth width (radian) to slot pitch α3 [0.45 0.55]
The ratio of slot opening to max slot opening α4 [0.55 0.65]

The ratio of pole arc to max pole arc α5 [0.8 0.9]
The ratio of web thickness to max web thickness α6 [0.8 1]

The ratio of V web bar width to max V web bar width α7 [0.5 0.55]
The ratio of Web length to max Web length α8 [0.12 0.18]

3.1. Driving Cycle Analysis

The design and optimization of traction motors for electric vehicles cannot rely solely
on nominal operating points, since real-world performance is dictated by dynamic and
diverse driving cycles. To ensure realistic evaluation, the torque–speed operating points
of the considered three-wheel motorcycle were derived from two standard driving cycles:
WMTC and ECE. Using vehicle longitudinal dynamics, the instantaneous torque and speed
demand were calculated across the full profile of these cycles.

The resulting operating map demonstrates that the motor predominantly functions
within the constant torque region up to around 3000 r/min, after which it transitions into
flux-weakening operation. Figure 3 illustrates the complete distribution of the working
points together with the required torque–speed envelope curve. This envelope provides
the performance boundary that the machine must satisfy throughout the cycles, defining
both the peak torque needed for acceleration and the extended speed range required
for cruising.

0 1000 2000 3000 4000 5000 6000
Speed (rpm)

0

5

10

15

20 WMTC
ECE
Envelope Curve

Figure 3. The whole working point of the WMTC and ECE driving cycle and the envelope curve of
the required electric motor.
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By analyzing the energy distribution across these cycles, the design requirements
were aligned with actual driving conditions rather than isolated test points. This approach
ensures that the optimized IPM motor achieves high efficiency, improved mileage, and
robust performance under representative urban and extra-urban driving scenarios. The
derived envelope thus forms the foundation for subsequent clustering, sensitivity analysis,
and optimization stages.

3.2. K-Means Clustering for Driving Cycle Representation

To account for the wide range of operating points that occur in standard driving cycles,
it is necessary to identify a representative subset that preserves the statistical characteristics
of the entire dataset. Direct optimization across all working points is computationally
infeasible, so clustering techniques provide an effective alternative. In this study, the
k-means algorithm is employed to group the torque–speed operating points obtained from
WMTC and ECE cycles into a limited number of clusters. K-means clustering is employed
to partition the working points into K clusters by minimizing the sum of squared Euclidean
distances between points and their respective cluster centroids. Formally, given a dataset
X = {x1, x2, . . . , xn} where each xi ∈ R2 represents speed and torque, the clustering
problem is expressed as (4).

min{Ck}
K

∑
k=1

∑
xi∈Ck

∥xi − µk∥2 (4)

where Ck denotes the kth cluster and µk its centroid computed as (5).

µk =
1

|Ck| ∑
xi∈Ck

xi (5)

The elbow method was first used to determine the optimal number of clusters. This
approach evaluates the sum of squared errors (SSE) between the points in each cluster
and their corresponding centroid. As the number of clusters increases, SSE decreases, but
beyond a certain point the improvement becomes marginal. The curve of SSE versus cluster
number exhibits a clear “elbow,” which indicates the most efficient partitioning of the
dataset. Based on this criterion, ten clusters were selected as sufficient to capture the major
variations in operating conditions without unnecessary redundancy.

After clustering, the centroid of each cluster was defined as a representative operating
point for optimization. Figure 4a shows the elbow criterion used to select the cluster
number, while Figure 4b illustrates the resulting partitions of the operating points across
the torque–speed map. The detailed parameters of these representative operating points
are reported in Table 4.

(a) 

Figure 4. Cont.
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(b) 

Figure 4. (a) The optimum number of k-means clusters and (b) the detail of the clusters and
representing points.

Table 4. The details of the representing points.

Cluster Number Speed (rpm) Torque (Nm.) Cluster Weight

1 3516 9.83 19
2 2975 1.43 150
3 3767 5.02 37
4 770 0.72 90
5 723 4.90 27
6 2232 5.58 44
7 4461 2.64 75
8 2655 2.79 52
9 1048 9.80 13

10 2385 15.86 11

This clustering strategy substantially reduces the computational burden by replacing
thousands of operating points with only ten carefully selected representatives. At the
same time, it ensures that the distribution of energy demand and torque–speed coverage
of the original driving cycles is faithfully preserved, allowing for reliable evaluation and
optimization of the IPM motor under study.

3.3. Optimization Algorithm

The optimization of the IPM motor over a representative driving cycle involves 12 de-
sign variables, making conventional methods such as GA or PSO impractical due to their
high computational demand. To address this, a Design of Experiments (DOE) strategy was
adopted. Among DOE techniques, the Taguchi method was chosen for its efficiency and
robustness in handling multi-parameter problems with reduced evaluations [41].

Since Taguchi is originally limited to single-objective problems and discrete parameter
levels, two modifications were applied. A weighted-sum formulation enabled multi-
objective optimization, while a multi-level refinement approach allowed coarse-to-fine
parameter exploration. Further details of this methodology can be found in [42].

The optimization minimizes a composite index FT that combines cost and CE as (6).

FT = ω1.Ĉ + ω2.ĈE + P (6)

where Ĉ and ĈE are normalized values of machine price and lifetime energy consumption,
respectively. Equal weights (ω1 = 0.5 and ω2 = 0.5) were assigned. Equal weights were
adopted to provide an unbiased baseline trade-off between cost and environmental impact,
reflecting a balanced sustainability perspective and aligning with prior multi-objective
motor optimization studies. The penalty term P ensures constraint satisfaction: the motor



Energies 2025, 18, 6167 10 of 15

must deliver at least 20 Nm torque and keep the hotspot temperature below 150 ◦C,
evaluated using coupled electromagnetic–thermal analysis.

4. Results
By performing the multi-level optimization algorithm and applying a convergence

criterion of 1%, the results have been illustrated in Table 5. The convergence was achieved
between the second and third design iterations, where the difference in FT dropped to
just 0.0%, well within the 1% threshold. This confirms that the optimization process had
stabilized, indicating that further iterations would yield only marginal improvements.
Relative to the initial design, the optimum design delivers simultaneous improvements
in both objectives while satisfying all constraints. The machine cost decreases from 74.1
to 72.5 (≈2.16% reduction) and the CE drops from 298.8 to 291.416 (≈2.47% reduction).
With equal weights (ω1 = ω2 = 0.5) and no penalty (constraints met: Torquep = 20 Nm,
Temperatureh = 96.96 ◦C < 150 ◦C), the composite index improves from FT = 1.000 (Initial)
to FT ≈ 0.9768, i.e., a ≈ 2.32% reduction in the weighted objective. Supporting indicators
also move in the right direction: the utilization measure decreases from CEuse = 0.0318 to
0.0312 (≈1.9% lower). Although hotspot temperature rises modestly (94.84 ◦C to 96.96 ◦C),
it remains well below the 150 ◦C limit, confirming that the optimum design achieves a more
cost- and energy-efficient solution without violating performance or thermal constraints.

Table 5. Optimization Results.

No. CEraw Cost EoL Torquep CEuse CE Temperatureh FT

Initial 62.6 74.1 −46.98 20 0.0318 298.8 94.84 1
1 63.288 80.5 −47.97 20 0.0316 296.324 120.68 1.039
2 59.344 72.5 −46.1 20 0.0312 291.416 96.958 0.9768
3 59.344 72.5 −46.1 20 0.0312 291.416 96.958 0.9768

In the iterative optimization process, the S/N ratios gradually shifted from negative
to positive values, as illustrated in Figure 5a–c, indicating a continuous improvement
in process robustness. As the design space was refined in each iteration, the difference
between the lower and higher S/N values for each parameter decreased, reflecting re-
duced variability and a more stable system response. For example, parameter Tt exhibited
a remarkable improvement, with its average S/N ratio increasing from −28 dB in the
first iteration [Figure 5a] to +7 dB in the second [Figure 5b] and +7.1 dB in the third
[Figure 5c]. Furthermore, the range between the lowest and highest S/N values for this
parameter decreased from 4.5 dB to 1.9 dB and 1.6 dB in the second and third iterations,
respectively, demonstrating enhanced stability and reduced sensitivity to noise. A similar
upward trend and narrowing of S/N variation were observed for the other parameters
as well, confirming that the multi-level Taguchi approach effectively minimized noise
effects, improved consistency, and guided the design toward the most robust and optimal
operating conditions.
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(a) 

(b) 

(c) 

Figure 5. Signal-to-noise (S/N) ratio plots for three successive Taguchi iterations: (a) Iteration 1,
(b) Iteration 2, and (c) Iteration 3.

4.1. Magnetic Flux Density Distribution

The magnetic flux density distributions of the initial and optimized IPM designs are
compared in Figure 6. In the initial design, the peak flux density in the stator tooth was
1.73 T, with an average airgap flux density of 0.7232 T. After optimization, these values
change to 1.81 T and 0.6034 T, respectively. The results indicate that both designs remain
well within acceptable magnetic limits, indicating that there is no significant oversaturation
in critical regions such as the stator tooth and back-iron. This confirms that the optimum
design maintains a proper flux density distribution.
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(b) 

Figure 6. Magnetic flux density (a) Initial and (b) Optimum.

4.2. Life Cycle Impact Assessment (LCIA) and Interpretation

Based on the results in Table 6, the optimum design delivers a measurable reduction
in life cycle CE relative to the initial design. The total CE falls from 298.8 kgCO2e to
291.416 kgCO2e (≈2.47% lower), driven by improvements in both the raw-materials and
use phases. The raw-material contribution decreases from 62.6 kgCO2e to 59.344 kgCO2e
(≈5.20% reduction), while the use-phase intensity CEuse declines from 0.0318 kgCO2e to
0.0312 kgCO2e (≈1.89% reduction), consistent with the efficiency gains reported in the
design study. EoL impacts remain negative for both designs, indicating a net credit from
recycling/material recovery; however, the magnitude of this credit is slightly smaller in
the optimum (−46.98 kgCO2e to −46.10 kgCO2e; ≈1.87% less offset). Overall, the LCIA
indicates that integrating the optimization with life cycle thinking yields lower life cycle
energy demand, with the largest relative improvement arising from raw-material use
and a steady, system-level reduction during operation. If converted to greenhouse-gas
terms, these CE reductions would translate proportionally given an appropriate electricity
emission factor. Although the overall improvement in the composite metric is around 2%,
the framework achieves these gains with low computational overhead while enhancing
design robustness. Such integrated approaches capture environmental improvements
that accumulate across production and use stages, validating their utility despite modest
percentage changes.

Table 6. CE comparison of designed traction motors over life cycle phases.

Design Raw Material
(kgCO2e)

Use-Phase
(kgCO2e) EoL (kgCO2e)

Initial 62.6 283.1 −46.98
Optimum 59.3 278.1 −46.1

5. Conclusions
This work presented a multiphysics, LCA-based design optimization framework for

IPM traction motors in electric vehicles, integrating driving cycle performance, coupled
electromagnetic–thermal constraints, and LCA metrics within a unified optimization. A
weighted composite index combined cost and life cycle CE, while a multi-level Taguchi
refinement with clustering efficiently explored the design space. The optimum design satis-
fies all requirements (≥20 Nm torque; hotspot 96.96 ◦C < 150 ◦C) and achieves concurrent
improvements: cost decreases from 74.1 to 72.5 (≈2.16%), and total life cycle CE from 298.8
to 291.416 (≈2.47%). The phase-wise, raw-material CE drops from 62.6 to 59.344 (≈5.20%),
the use-phase intensity declines from 0.0318 to 0.0312 (≈1.9%), and the EoL credit remains



Energies 2025, 18, 6167 13 of 15

negative (−46.98 to −46.10). The composite metric improves by around 2.32%. Iteratively,
S/N ratios shift from negative to positive with narrowing spreads, evidencing increased
robustness. Overall, the results demonstrate that multiphysics-constrained, LCA-driven
optimization can deliver sustainable, high-performance IPM motor designs tailored to
realistic EV duty cycles and is readily extensible to broader motor and drive architectures.
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