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Abstract—This work proposes the use of multivariate global
sensitivity analysis for assessing the impact of uncertain electric
machine design parameters on efficiency maps and profiles.
Contrary to the common approach of applying variance-based
(Sobol’) sensitivity analysis elementwise, multivariate sensitivity
analysis provides a single sensitivity index per parameter, thus
allowing for a holistic estimation of parameter importance over
the full efficiency map or profile. Its benefits are demonstrated
on permanent magnet synchronous machine models of different
fidelity. Computations based on Monte Carlo sampling and
polynomial chaos expansions are compared in terms of com-
putational cost. The sensitivity analysis results are subsequently
used to simplify the models, by fixing non-influential parameters
to their nominal values and allowing random variations only
for influential parameters. Uncertainty estimates obtained with
the full and reduced models confirm the validity of model
simplification guided by multivariate sensitivity analysis.

Index Terms—driving cycle, efficiency map, electric machine,
global sensitivity analysis, Monte Carlo sampling, polynomial
chaos expansion, uncertainty quantification.

I. INTRODUCTION

THE advancement of electric mobility hinges on improv-
ing the efficiency of electric machines [1]. This goal con-

centrates significant research and innovation efforts and places
efficiency among the most important quantities of interest
(QoIs) in modern electric machine design [2]. Efficiency maps
describing the maximum efficiency over the full torque-speed
operation range, as well as efficiency profiles corresponding
to specific driving cycles, are particularly important tools for
assessing the performance of an electric machine for varying
and dynamic operating conditions [3], [4].

During the design phase, efficiency maps and profiles are
commonly estimated with the help of simulation models, rang-
ing from relatively simple equivalent circuit models (ECMs)
to detailed computer-aided design (CAD) models solved with
advanced numerical techniques. However, irrespective of res-
olution capability and approximation accuracy, simulation
models are simplified and idealized representations of real-
world devices. As such, they do not account for modeling in-
accuracies, manufacturing tolerances, material imperfections,
or other factors that may arise during the design, fabrication
or operation of an electric machine. Taking these uncertainties
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into consideration and assessing their impact upon crucial QoIs
like efficiency is a significant design challenge.

To that end, uncertainty quantification (UQ) studies are
nowadays an important part of model-based electric machine
design processes [5]–[18]. One particularly important study
is global sensitivity analysis (GSA), which allows to quan-
titatively attribute the uncertainty observed in a QoI to the
uncertain design parameters [19], [20]. GSA results can guide
design changes and adjustments, for example, by fixing non-
influential parameters and concentrating design efforts on the
parameters mainly responsible for QoI variations. Sobol’ GSA
is a popular variance-based approach, which quantifies the
impact of the uncertain parameters and their combinations
upon the QoI’s variability in the form of numerical values
known as Sobol’ indices [21]. However, Sobol’ GSA concerns
scalar QoIs only, hence, it is not suitable for multivariate
QoIs like electric machine efficiency maps and profiles. In
such cases, Sobol’ GSA can in principle be applied ele-
mentwise, yielding one Sobol’ index per QoI-component.
However, this approach runs into problems. First, the number
of QoI-components might render this elementwise application
computationally demanding, if not prohibitive. Second, it often
leads to redundant or difficult to interpret results [22], [23].

While multivariate GSA methods have been introduced [24],
[25], their use in engineering design applications remains very
limited. For the particular use-case of electric machine design,
no relevant studies exist, at least to the knowledge of the
authors. This work bridges this gap by demonstrating the
application of multivariate GSA to the model-based estima-
tion of efficiency maps and profiles of a permanent magnet
synchronous machine (PMSM). In particular, an ECM with
uncertain circuit elements and an isogeometric analysis (IGA)
model with geometry and material uncertainties are examined.
The method allows to identify which uncertain parameters
have a significant global impact on the efficiency map or
profile and, conversely, which parameters can be safely fixed
at nominal values to simplify the model without sacrificing
UQ accuracy. To highlight the advantages of multivariate GSA
methods, results from the elementwise application of Sobol’
GSA are also presented, showcasing their limitations.

The rest of this paper is organized as follows. In section
II we recall the main principles behind the estimation of
electric machine efficiency maps and profiles. Section III
details variance-based GSA for both scalar and multivariate
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QoIs, including computation methods based on either Monte
Carlo sampling (MCS) [23], [25]–[28] or polynomial chaos
expansions (PCEs) [29], [30]. Section IV presents numerical
studies based on an ECM and an IGA model of a PMSM.
The paper concludes with section V, which summarizes the
findings of this work and discusses follow-up research possi-
bilities.

II. ELECTRIC MACHINE EFFICIENCY MAPS AND PROFILES

Electric machine efficiency, denoted with η, is defined as
the ratio of output power Pout to input power Pin, such that

η =
Pout

Pin
=

Pout

Pout + Ploss
, (1)

where Ploss represents the total power dissipation due to heat,
friction, or other losses [31]. In motoring mode, mechanical
power is the useful output, while electrical power is the input.
Conversely, in generating mode, electrical power becomes the
output, and mechanical power is the input. For PMSMs, the
output power is estimated as Pout = T ωm, where T denotes
the torque and ωm the angular velocity. The power loss term
is commonly decomposed into three components, such that
Ploss = Pelec + Pmagn + Pmech, where Pelec represents Joule
losses in the copper windings of rotor and stator, Pmagn

corresponds to hysteresis and eddy current losses in the stator’s
iron core, and Pmech accounts for speed-dependent mechanical
losses such as friction and windage [32]. The loss components
exhibit complex dependencies to the operating points defined
by specific (T, ωm) pairs, hence Ploss = Ploss(T, ωm). Natu-
rally, these dependencies affect efficiency as well.

The efficiency map captures the machine’s performance
across its operating range by showing the maximum achiev-
able efficiency at each torque-speed combination. Aside from
torque and speed values, the maximum efficiency is addi-
tionally dependent on operating conditions and constraints,
such as current rating, voltage saturation, and thermal limits
[33], [34]. In practice, producing an efficiency map entails:
(i) discretizing the T − ωm plane into a grid; (ii) computing
the maximum efficiency upon that grid; (iii) interpolating the
resulting values to create a continuous map. The efficiency
map is typically visualized as a contour plot over the torque-
speed plane, bounded by an envelope that represents the
machine’s maximum torque capability across different speed
ranges. Efficiency profiles are produced similar to efficiency
maps, with the difference that the T − ωm grid is replaced by
the operating points defined by the specific driving cycle [4].

III. VARIANCE-BASED GLOBAL SENSITIVITY ANALYSIS

Sensitivity analysis is broadly defined as “the study of how
uncertainty in the output of a model can be apportioned to
different sources of uncertainty in the model input” [19]. There
exist two main classes of sensitivity analysis methods: local,
derivative-based methods that examine variations around a
nominal point, and global methods that explore the entire input
space [20]. Variance-based methods represent a prominent
category within GSA and are the focus of this work. The
most well-known variance-based GSA method is the Sobol’

method [21], which however concerns scalar outputs and can
only be applied elementwise for multivariate outputs. Multi-
variate GSA methods were developed later [24], [25]. Sobol’
and multivariate GSA, as well as corresponding computation
methods, are presented in more detail next.

In the following, we consider a parameter-dependent model
f(x), such that f : x → y, equivalently, y = f (x), where
x ∈ RN is the input parameter vector and y ∈ RM the
model output. For M = 1, the model has a scalar output
y ∈ R. The model is assumed to be deterministic, however,
the input parameters x are assumed to be realizations of a
random vector X = (X1, X2, . . . , XN )⊤, where Xn, n =
1, 2, . . . , N , are independent random variables. The random
vector is defined on the probability space (Θ,Σ, P ), where
Θ is the sample space, Σ the sigma algebra of events, and
P : Σ → [0, 1] a probability measure [35]. For an outcome
θ ∈ Θ, x = X(θ) ∈ RN is a random vector realization. The
joint probability density function (PDF) of X is denoted with
ϱX(x), such that ϱX : RN → R≥0. Due to the independence
assumption, ϱX(x) =

∏N
n=1 ϱXn(xn), where ϱXn(xn) are

the marginal (univariate) PDFs. Due to the propagation of
uncertainty through the model, the output is a random vector
dependent on the random input vector, such that Y = f(X)
[36]. Note that input random fields can also be considered,
in which case the Karhunen-Lòve expansion (KLE) is typ-
ically employed to obtain discrete input random variables
X = (X1, . . . , XN ) [36].

A. Sobol’ sensitivity analysis

Assuming a scalar output Y = f(X) and a square-integrable
f(X), the output’s variance Var (Y ) can be decomposed as

Var (Y ) =

N∑
n=1

Vn +

N∑
n<k

Vnk + · · ·+ V1,...,N , (2)

where Vn is the variance contribution of Xn alone, Vnk the
contribution of Xn interacting with Xk, and so on for higher-
order interactions [21]. Then, first-order Sobol’ indices are
given by

Sn =
Vn

Var (Y )
=

VarXn (EX∼n [Y | Xn])

Var (Y )
, (3)

where VarXn (EX∼n [Y | Xn]) is the first-order effect of Xn

and X∼n denotes the set of all variables except Xn. Sn

quantifies the fractional contribution of Xn alone to the
output variance. Higher-order indices, for example, second-
order indices Snk = Vnk/Var(Y ), quantify interaction effects.
However, computing all 2N −1 possible indices is often com-
putationally challenging, if not prohibitive. Total-order Sobol’
indices provide a more practical alternative by capturing the
total effect of Xn including all interactions. The total effect of
Xn is EX∼n

[VarXn
(Y | X∼n)] and the corresponding total-

order Sobol’ index is given by

STn = 1− V∼n

Var(Y )
=

EX∼n
[VarXn

(Y | X∼n)]

Var(Y )
. (4)

The difference STn−Sn quantifies the total interaction effect
involving Xn. That is, if STn ≫ Sn, the variable Xn
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participates in significant interactions with other parameters.
Conversely, if STn ≈ Sn, Xn has minimal interactions.

B. Multivariate sensitivity analysis

Assuming a multivariate output Y = f(X) with square-
integrable f(X), the covariance matrix C = Cov(Y) can be
decomposed analogously to the (scalar) variance decomposi-
tion (2), such that

C =

N∑
n=1

Cn +

N∑
n<k

Cnk + · · ·+C1,...,N , (5)

where each matrix Cn, Cnk, etc., represents the covari-
ance contribution from the corresponding subset of input
variables [25], [30]. This decomposition captures both main
(first-order) effects and interactions across all components
of the multivariate output. The trace tr (C) corresponds to
summing the variances across all output components and is
used to obtain scalar sensitivity indices from the covariance
decomposition. Then, the first-order generalized sensitivity
index for input Xn is defined as

Gn =
tr(Cn)

tr(C)
=

∑M
m=1 V

(m)
n∑M

m=1 Var (Ym)
, (6)

where V
(m)
n quantifies the fractional contribution of Xn alone

to the variance of the m-th component of the M -dimensional
output. Summing over all output components quantifies the
proportion of the total output variance attributable solely to
Xn. Accordingly, the total-order generalized sensitivity index
is given by

GTn = 1− tr(C∼n)

tr(C)
= 1−

∑M
m=1 V

(m)
∼n∑M

m=1 Var (Ym)
, (7)

and captures all effects involving Xn, including its interac-
tions. The difference GTn−Gn quantifies the total interaction
effect of Xn. The generalized indices provide a comprehensive
assessment of parameter importance for multivariate outputs,
while avoiding the interpretability issues associated with the
elementwise application of Sobol’ GSA [23].

C. Computation and cost

The two main approaches for computing Sobol’ and gen-
eralized sensitivity indices are via MCS [23], [25]–[28] or
PCE [29], [30]. For either approach, the QoI must be sampled
for different realizations of the uncertain model parameters.
Denoting the number of samples with Ns, MCS-based GSA
requires additional model sampling on input combinations
formed from the original sample. The total sample cost rises
to NMCS

GSA = (N+2)Ns. It is common for MCS that Ns is in the
order of 103−105, possibly even higher for sufficient conver-
gence. This can result in an undesirable computational cost,
especially if the sampled model is computationally expensive.

For PCE-based GSA, the sample is used to compute
the PCE coefficients using a least-squares regression [37].
The sensitivity indices are then estimated by simply post-
processing the PCE, hence, the cost of PCE-based GSA

is NPCE
GSA = Ns. Nonetheless, the computational cost can

still become intractable. In particular, for a well-determined
regression problem, it is necessary that Ns = C K, where
K denotes the number of PCE terms and C ≥ 1 is an
oversampling coefficient [37]. Considering a standard total-
degree PCE with maximum polynomial degree P , the number
of PCE terms is equal to K = (N+P )!

N !P ! , which grows rapidly for
increasing N , P . The computational burden can be alleviated
to some degree with the use of sparse PCEs [38], [39]. Another
possible bottleneck is the lack of regularity of f(x), which
can hinder convergence [40]. Very high dimensional QoIs
can also lead to computational issues, which can however in
most cases be effectively countered with the use of dimension
reduction methods [41]. Nonetheless, PCE can be much more
computationally efficient than MCS, especially for smooth
models with up to moderately high input dimensions, possibly
up to the order of tens if sparse PCEs are employed [38]. MCS
should be selected otherwise.

Note that the cost discussion above must be revisited for
multivariate outputs like efficiency maps or profiles. In that
case, the model must also be sampled on the operating
points (T, ωm) that define the map or profile. The number
of operating points, denoted with Nop, becomes an additional
factor concerning the sample cost of GSA, which increases to
NMCS

GSA = (N + 2)NsNop and NPCE
GSA = NsNop, respectively.

IV. APPLICATION TO PERMANENT MAGNET
SYNCHRONOUS MACHINE MODELS

As test-case, we consider the benchmark PMSM from the
work of Muetze et al. [42]. In Section IV-A, the ECM with
four uncertain circuit parameters is examined, first regard-
ing its efficiency map, and second regarding its efficiency
profile for the Worldwide Harmonised Light vehicles Test
Procedure (WLTP) [43] driving cycle. In Section IV-B, a two-
dimensional IGA model with eleven uncertain geometric and
material parameters is examined, with respect to its efficiency
map in motoring mode only.

A. Equivalent circuit model

The ECM is depicted in Figure 1. The corresponding
semi-analytical computational model is based on the standard
voltage and flux-linkage equations in the d-q frame1 [32].
Efficiency for a given operating point (T, ωm) can be estimated
in a few milliseconds. The four circuit elements, listed in
Table I, are treated as uncertain and assumed to vary uniformly
within ±5% of their nominal values.

1) Sensitivity analysis of efficiency map: The efficiency
map is evaluated on a grid of Nop = 232 operating points
(T, ωm), uniformly distributed over the operating range. Fig-
ures 2a and 2b display the mean and standard deviation
of the efficiency map, computed with MCS and a sample
of NMCS

s = 2 · 105 model evaluations. Nearly identical
results are obtained with a total-degree PCE with maximum
polynomial degree P = 2 and oversampling coefficient C = 2,

1The computational model will be made available at a dedicated Zenodo
repository upon acceptance of the paper.



4

Vp

Ip

Rs Ls

(a) Single-phase ECM.

Vd

Id

Rs Ld

−
+

(b) Direct axis (d-axis) ECM.

Vq

Iq

Rs Lq

+ −

+
−

(c) Quadrature axis (q-axis) ECM.

Fig. 1: PMSM ECM.

TABLE I
PARAMETERS OF THE PMSM ECM.

Parameter Symbol Nominal value Units

Phase resistance Rs 8.9462 Ω
Magnet flux linkage λ 0.1144 Wb
d-axis inductance Ld 0.2055 H
q-axis inductance Lq 0.332 H
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Fig. 2: Mean and standard deviation of the ECM’s efficiency
map, along with pointwise absolute errors between MCS- and
PCE-based estimates.

which corresponds to a sample size NPCE
s = 30. Figures 2c

and 2d show the pointwise errors for mean and standard
deviation, respectively. Similar errors are obtained for the GSA
results, therefore, only one set of results is presented in the
following. For the aforementioned sample sizes, the MCS-
based GSA requires NMCS

GSA = NMCS
s (5 + 2)Nop = 3.25 · 108

model evaluations. The PCE-based approach needs NPCE
GSA =

NPCE
s Nop = 6.96 · 103, further highlighting its advantage in

terms of computational efficiency.
Figure 3 illustrates the results of Sobol’ GSA applied

elementwise, which yields one sensitivity map per uncertain
parameter. Only first-order Sobol’ indices are displayed; total-
order indices are almost identical, suggesting negligible pa-
rameter interactions. The Sobol’ GSA results reveal that Rs
and λ have a significant influence on efficiency. In contrast,
the contribution of Ld is negligible across the entire grid,
while Lq appears to have some localized importance for certain
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Fig. 3: Elementwise Sobol’ GSA of the ECM’s efficiency map.
Only first-order indices are shown, due to negligible higher
order interactions.
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Fig. 4: Multivariate GSA of the ECM’s efficiency map.

operating conditions. These results should be interpreted in the
context of the efficiency map’s standard deviation, shown in
Figure 2b. The standard deviation is close to zero in the high-
torque and high-speed regions of the map, where the Sobol’
indices of Lq have comparatively large values. Therefore, the
Sobol’ index values of Lq in these regions are likely numerical
artifacts and do not convey useful sensitivity information.

Figure 4 presents the multivariate GSA results. The first-
and total-order generalized sensitivity indices are nearly iden-
tical, further indicating negligible parameter interactions. Mul-
tivariate GSA reinforces the earlier findings regarding relative
parameter importance. Furthermore, these results suggest that
the high Sobol’ index values observed for Lq in Figure 3 are
indeed misleading.
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TABLE II
MAES IN EFFICIENCY MAP MEAN AND STANDARD

DEVIATION ESTIMATES BETWEEN THE FULL AND REDUCED
ECM.

Fixed parameters MAE, mean MAE, st.d.

Ld, Lq 1.08 · 10−5 8.77 · 10−6
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Fig. 5: Mean and standard deviation of the ECM’s efficiency
profile, along with pointwise absolute errors between MCS-
and PCE-based estimates.

To validate the GSA results, mean absolute errors (MAEs)
in the mean and standard deviation estimates obtained with the
full ECM, i.e., with random variations in all four parameters,
and with a reduced ECM with fixed Lq and Ld, are computed
and presented in Table II. The errors in both mean and standard
deviation are very low, supporting the previous observations.

2) Sensitivity analysis of efficiency profile: The WLTP
driving cycle is defined by Nop = 3601 operating points
(T, ωm), which is one magnitude higher than the efficiency
map grid used in Section IV-A1. Due to the large number
of operating points, MCS-based GSA becomes too computa-
tionally demanding, even for the computationally inexpensive
ECM evaluations. Therefore, only PCE-based GSA results are
reported in this section.

The mean and standard deviation of the efficiency profile
are displayed in Figures 5a and 5b. These results are obtained
using MCS with sample size NMC

s = 2 · 105. Almost identical
results are obtained using a total-degree PCEs with maximum
polynomial degree P = 4 and oversampling coefficient C = 5,
which corresponds to a sample size NPCE

s = 350. The
pointwise errors in mean and stadard deviation are respectively
shown in Figures 5c and 5d. The same PCE is used for the
GSA results reported in the following.

Figure 6 presents the elementwise Sobol’ GSA results
for the efficiency profile. Figure 7 shows the corresponding
multivariate GSA results. Both Sobol’ and multivariate GSA
consistently identify Ld and Lq as non-influential. However,
while in section IV-A1 λ exhibited slightly smaller relative
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Fig. 6: Elementwise Sobol’ GSA of the ECM’s efficiency
profile. Only first-order indices are shown, due to negligible
higher order interactions.
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Fig. 7: Multivariate GSA of the ECM’s efficiency profile.

TABLE III
MAES IN EFFICIENCY PROFILE MEAN AND STANDARD

DEVIATION ESTIMATES BETWEEN THE FULL AND REDUCED
ECM.

Fixed parameters MAE, mean MAE, st.d.

Ld, Lq 3.0 · 10−6 4.0 · 10−6

importance than Rs, here it is the dominant parameter. This
difference can be attributed to the fact that the driving cycle
does not fully cover the entire operating range. In particular,
the high-torque regions where Rs had high sensitivity indices
(see Figure 3), are not represented in the driving cycle.

Table III reports MAEs in the mean and standard deviation
of the efficiency profile between full and reduced PMSM
ECMs. The results confirm that parameters deemed as non-
influential by multivariate GSA can be fixed to their nominal
values without significantly affecting UQ accuracy.

B. Isogeometric analysis model

The IGA model of the PMSM is implemented in MATLAB
using the GeoPDEs package [44]. The model is based on
standard finite element modeling [45], where the basis func-
tions coincide with the CAD spline basis [46]. Eleven model
parameters are considered to be uncertain, each assumed



6

TABLE IV
PARAMETERS OF THE PMSM IGA MODEL.

Parameter Symbol Nominal Value Units

Stator outer radius SRO 0.0565 m
Yoke height HY 0.00116 m
Slot opening height HSO 0.00098 m
Tooth width WT 0.00148 m
Slot opening width WSO 0.00323 m
Magnet height HM 0.00435 m
Rotor inner radius RRI 0.008 m
Magnet circumference ratio MR 0.5 –
BH-curve scaling factor SF 1.0 –
Phase resistance Rs 4.475 Ω
Magnet remanence Br 0.41 T

(a) Stator half-geometry.

(b) Rotor half-geometry.

Fig. 8: PMSM half-geometry in two dimensions.

to vary uniformly within ±5% of its nominal value. The
parameters and their nominal values are listed in Table IV.
The geometry of the PMSM is illustrated in Figure 8, along
with the uncertain geometric parameters, with the exception
of the magnet circumference ratio (MR).

Compared to the ECM used previously, the IGA model
introduces a number of challenges. First, due to its much
higher computational cost, MCS is rendered unusable, both
for statistics estimates and for GSA. Second, it becomes too
computationally expensive to evaluate the model over its full
operating range, as well as for the WLTP driving cycle. Last,
the comparatively high input dimensionality (N = 11) results
in large numbers of total-degree PCE terms, even for moderate
polynomial degrees P . In turn, generating a sufficiently large
sample amounts to an undesirable computational cost. To
render the computational cost tractable, the PMSM is operated
solely in motoring mode and GSA is confined to efficiency
maps only. Using a grid of Nop = 116 operating points
(T, ωm), a single efficiency map is computed in approximately
800 seconds. Additionally, the use of PCE is enabled by
adaptive basis construction algorithms [47], [48]. Samples
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Fig. 9: Mean and standard deviation of theIGA model’s
efficiency map, with MAEs for increasing sample sizes. The
MAEs are computed with respect to reference values obtained
with a PCE trained on the dataset of maximum size Ns,max =
3300.

TABLE V
MAES IN EFFICIENCY MAP MEAN AND STANDARD

DEVIATION ESTIMATES BETWEEN THE FULL AND REDUCED
IGA MODEL.

Fixed parameters MAE, mean MAE, st.d.

SF, HSO, WSO, HM, RRI 5.77 · 10−6 3.45 · 10−6

of increasing sizes are employed, up to a maximum size
Nmax

s = 3300.
Figures 9a and 9b display the mean and standard deviation

of the efficiency map estimated with the adaptive PCE trained
on the largest available sample. Figure 9c shows the corre-
sponding MAEs for samples on increasing size. As can be
observed, the MAEs are below 10−6 already for very small
sample sizes. Figure 10 presents the results of the elementwise
Sobol’ GSA, while Figure 11 displays the multivariate GSA
results. In both cases, only first-order indices are shown; total-
order indices are nearly identical, indicating negligible param-
eter interactions. The two GSA methods are in agreement that
MR, SRO, HY, WT, Br, and Rs have a significant influence on
efficiency variation. Conversely, SF, HSO, WSO, HM, and RRI
exhibit negligible influence. The results of GSA are verified by
comparing mean and standard deviation estimates based on the
full IGA model with all eleven uncertain parameters, and with
a reduced model where the five non-influential parameters are
fixed to their nominal values. The low MAE values between
the two models, shown in Table V, confirm the GSA results.

V. SUMMARY AND CONCLUSIONS

This work demonstrated the use of multivariate GSA for
assessing the impact of uncertain electric machine design
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Fig. 10: Elementwise Sobol’ GSA of the IGA model’s ef-
ficiency map. Only first-order indices are shown, due to
negligible higher-order interactions.

parameters on efficiency maps and profiles. Using two models
of a PMSM, namely, an ECM and an IGA model, we showcase
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Fig. 11: Multivariate GSA of the IGA model’s efficiency map.

the shortcomings of the Sobol’ GSA method applied elemen-
twise, as well as the benefits of multivariate GSA. The latter
overcomes the limitations of Sobol GSA with the use of gener-
alized sensitivity indices tailored to multidimensional QoIs. In
addition, we compare GSA based on MCS and PCE, and find
that the latter is be much more computationally efficient for
the selected test-cases. Last, we leverage the results of GSA
for model simplification, by fixing the parameters identified as
non-influential to their nominal values. In the numerical test-
cases of this work, 45% to 60% of the initially considered
uncertain parameters can be fixed without compromising the
accuracy of UQ results.

We conclude that multivariate GSA should be the preferred
tool for assessing the sensitivity of efficiency maps and profiles
to uncertain electric machine design parameters. Follow-up
works will investigate the applicability of multivariate GSA to
other multidimensional QoIs, e.g., torque signals or field distri-
butions. More challenging test-cases will also be investigated,
e.g., ones involving higher-dimensional inputs and QoIs.
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for the uncertainty quantification of eccentric permanent magnet syn-
chronous machines,” IEEE Transactions on Magnetics, vol. 52, no. 3,
pp. 1–4, 2015.

[10] A. Belahcen, P. Rasilo, T.-T. Nguyen, and S. Clénet, “Uncertainty
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