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Abstract

The multi-objective optimal design of double-sided stator dual-rotor synchronous
reluctance machines (DSS-DRSynRMs) is a challenging high-dimensional problem. The
objective of this paper is to present a new optimal design method based on data-driven
models and the principle of torque decomposition addressing the aforementioned issue.
For this purpose, a 26-parameter optimisation problem is solved by employing the
proposed method consisting of three sequential phases. Through the proposed method,
the combination of artificial neural network (ANN) and recently introduced waveform
targeting surrogate model (WTSM) strategy is investigated to mitigate the computational
complexity of the optimisation process. Furthermore, the electromagnetic performance
of the final optimal design has been comprehensively analysed showing a significant
reduction in torque ripple rate and improved torque density. Motreover, the computational
efficiency of the proposed method has been compared to the popular multi-level multi-
objective optimisation method. From the discussion, it can be found that the proposed
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1 | INTRODUCTION

With the global push towards vehicle electrification, there is a
growing need for high-performance electric machines, partic-
ularly in traction applications. Meeting the demands for high
continuous and peak torque density, superior efficiency, and a
broad constant power speed range has pushed machine de-
signers to explore new frontiers. Among the promising in-
novations are double airgap radial flux machines (DAMs),
which are typically composed of multiple stators or rotors,
unlike single rotor/stator machines or magnetically geared
machines. DAMs offer the potential for significantly higher
power density, making them a compelling alternative in the
quest for optimised electric machine performance [1, 2].

The dual-rotor machines (DRMs) ate considered a subcat-
egory of DAMs where each rotor can operate independently or
both rotors can be integrated to a single load [3]. The stator of
these machine on the other hand, can consist of double-sided

method provides a reduced computation time and wider search space.

optimisation, synchronous motors

(DSS-DRM) configuration or yokeless stator structure (YS-
DRM). The DSS-DRM features a design where the inner and
outer stator teeth share a common back iron, while the YS-DRM
has a configuration with single parallel stator teeth. While the YS-
DRMs can provide a lighter design due to absence of the stator
yoke, the DSS-DRMs experience more robust structure and
easier design-to-manufacture process [4, 5].

With respect to the advantages of DSS-DRMs in propos-
ing robust and high torque density machines, its potential
application in synchronous reluctance machines (SynRMs) has
been a matter of rising interest on recent research [6, 7]. The
simple rotor structure, low cost and relatively low-torque ripple
makes them a good candidate for vatiety of applications
including transportation. Therefore, the design and optimisa-
tion of the double-sided stator dual-rotor SynRM (DSS-
DRSynRM) is going to be discussed in this paper.

The optimal design of DSS-DRSynRM requires a more
detailed process development due to increased size of number
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of effective design variables compared to conventional SynRM.
Therefore, the need for adoption of a reliable and computa-
tionally efficient optimisation method is an essential to find the
best solution. Finite element model (FEM) is the most accurate
computation method for performance estimation of electrical
machines in all sizes and applications [8—10]. However, due to
the high-dimensional nature of the optimisation problem of
DSS-DRSynRMs, direct search will be very time consuming.
Even with the recent advances in the computer hardware, it is
not affordable to apply direct search based on FEM. To
address this problem, data-driven modelling techniques have
gained a significant interest in recent years [11-14].

Data-driven models are tools to replace FEM in order to
predict the performance of the electrical machines in the
optimisation process. However, special attention must be
applied to construct a reliable model in terms of both accuracy
and computational cost. In general, combination of a proper
initial sampling approach can effectively improve the accuracy
and computational efficiency of the data-driven model. Various
sampling methods such as the Latin hypercube sampling
(LHS), full factorial (FF) test, central composite design and
Box—Behnken method are available to increase the efficiency
of the model construction [15, 16]. However, the sampling
method alone would not be sufficient since an adequate fitting
method to train the data-driven model is crucial. In this regard,
advanced fitting methods such as kriging, radial basis function
(RBF) and artificial neural network (ANN) are widely utilised
in variety of optimisation problems [17-19].

The key contribution of this paper is to propose a new
optimal multi-objective design method for DSS-DRSynRMs
based on surrogate models. For this purpose, this paper uti-
lises the newly introduced waveform-targeted surrogate
modelling (WTSM) strategy [20]. The WISM strategy is
responsible to predict the important waveforms such operating
torque, cogging torque of bac electromotive (EMF). This
feature helps to change the focus of surrogate modelling from
optimisation targets such as average torque, torque ripple or
total harmonic distortion (THD) of back EMF to the wave-
forms which are the main source of these objective functions.
The main advantage of WISM is the capability of eliminating
undesired post-processing effect on the training datasets which
consequently increases the accuracy of the surrogate modelling
process. Therefore, this method is fundamentally different
from conventional data-driven optimisation models leading to
a significant reduction in computational cost while the accuracy
of the surrogate models is improved. The presented work is
organised as follows: first, the initial design and the multi-
objective optimisation problem alongside 26 design parame-
ters is discussed in section 2. In section 3, the detailed
description of the proposed WTSM-based optimisation model
is presented. The section consists of three sequential phases
namely: torque decomposition, ANN-based WTSM and multi-
objective optimisation. Finally in section 4, the performance of
the obtained optimal solution is analysed and compared to the
initial design. In addition, the computational efficiency of the
proposed method is compared to the popular multi-level
optimisation method.

2 | DESIGN SPECIFICATIONS AND
MULTI-OBJECTIVE OPTIMISATION
PROBLEM DEFINITION

As mentioned ecarlier, this paper aims to provide a new
surrogate-assisted optimisation solution for optimal design of
DSS-DRSynRMs. In this regard, an example benchmark design
is selected. Figure 1 illustrates the topology of studied machine.
As can be seen, the winding configuration is defined as two
mirrored slots are connected to reduce the end winding length
and copper loss [7]. Table 1 also shows the design specifica-
tions for the machine optimisation.

Figure 2 illustrates the flux density in the initial machine
due to D-axis and Q-axis excitation with maximum available
current respectively. As can be seen, the flux lines coming from

(a) (b)

FIGURE 1 DSS-DRSynRM topology (a) 3D view of core (b) Winding
configuration based on Ref. [7].

TABLE 1 Design specifications of DSS-DRSynRM.

Parameter Description Value

Ic Coil cutrent 70 (A)

? Number of poles 8

S Number stator slots 96 (2*48)
Nrtc Turn per coil 6

RPM Mechanical speed 200 (rpm)

g Airgap length 0.75 (mm)
Lstk Core stack length 80 (mm)
Din Inner rotor diameter 194.4 (mm)
Dout Outer rotor diameter 347.84 (mm)

Magnetic Flux Density

Contour Plot : T

Maximum: 2.469
Minimum: 0.000

FIGURE 2 Magnetic flux density distribution with D-axis and Q-axis
excitations.
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each side of the stator ate circulating over the rotor and the
stator yoke. Therefore, the stator yoke's flux density is
dependent on both the magnetic circuits located in each side of
the stator. To prevent any magnetic saturation in the statot's
yoke, a proper analytical sizing and FEM-based tuning have
been applied into the initial design stage.

The initial design stage is always necessary to find a good
starting point for finding an optimum solution for the speci-
fied design requirements. However, to maximise the perfor-
mance factors of the machine, a multi-objective optimisation
process is vital. Therefore, the studied problem is defined as
follows:

Max Y;VE
Min 75, (%)
(1)
Constorque * [Lave > 86Nm]
Consy, : [Weight < 70 kg]

where T,. and Trip(%) are average output torque and the
ripple rate, respectively. Also, two additional constraints have
been defined to narrow down the search space. For the opti-
misation process, various geometrical parameters are existing
on the inner rotot, outer rotor and the stator.

In DSS-DRSynRMs with unsaturated yoke, the analytical
electromagnetic torque can be simply described as combination
of two rotors generating torques:

3 .
I.= EP(LdW = Lo + L = Lyuu) bl 2

L; andL

outer Gouter

where Ly Ly, are the DQ-inductances for
inner and outer rotors respectively. Therefore, by having a
constant magnetomotive force (MMF), it is possible to opti-
mise the torque profile based on the rotor parameters
dependent to the fixed stator structure. For this purpose, 26
variables have been defined to parametrically investigate
various rotor configurations (see Figure 3).

As can be seen, the large number of design parameters in-
dicates a high-dimensional optimisation problem. Therefore, a
comprehensive sensitivity analysis is necessary to quantitatively
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FIGURE 3 Design parameters (a) inner rotor and (b) outer rotor.

analyse the influence of different design variables on the ob-
jectives before initiating the surrogate-based optimisation. For
this purpose, the Pearson correlation coefficient analysis
method is utilised where each coefficient can be calculated as
follows:

NYXYi- Y XYY,
YNE X~ (DX NS Y- (S 1)

pX,Y; = (3)

Figure 4 presents the absolute value of the coefficients
corresponding to the relation of each design parameter with
the measured objective functions based on the Taguchi
orthogonal array with 3 levels (IL108) applied to the Table 2.
The measured values demonstrate that some of the design
parameters have a relatively strong linear effect on Tiy.

Meanwhile, the corresponding coefficients for Trip(%) are
following a weak linear behaviour. This observation indicates the
existence of a sensitive relation between T, (%) and all of the 26
input variables. Therefore, neglecting one or multiple design
variables from design space could harm the effective search
space.

Absolute Pearson Correlation Coefficient

@ hdli hd2i hd3i hqli hq2i ha3 fli 12 130 Wl W2wse @0 hdlo hd20 hd3o hqlo hq2o hgdo lo 120 130 Wlo W20 I3e™

FIGURE 4 Pearson correlation coefficients on DSS-DRSynRM's
design parameters.

TABLE 2 Initial value and range for design parameters.
Var. Initial Range Var. Initial Range
ai 125 [105,125] ao 105 [105,115]
hd1i 3 mm [1,3] hdlo 5 mm [1,6]
hd2i 4 mm [1,4] hd2o 6 mm [1,6]
hd3i 6 mm [2,0] hd3o 6 mm [2,7.2]
hqli 2 mm [0.5,2] hqlo 3 mm [1,3]
hq2i 3 mm [1,3] hq2o0 5 mm [2,5]
hq3i 4 mm [1,4] hq3o 5 mm [2,5]
tl: 2 mm [1,2] tlo 5 mm [1.5,5]
121 4 mm [1,4] t20 6 mm [3,0]
t3i 5 mm [2,5] t30 7 mm [4,7]
Wi 13 mm [5,13] Wio 25 mm [15,206]
W2 5 mm 12,5] W20 10 mm [5,13]
W33 5 mm [2,5] W30 10 mm [5,10]
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3 | PROPOSED WTSM-BASED
OPTIMISATION MODEL

The torque profile features namely the average torque and
torque ripple rate are one of the main optimisation targets as in
all the electric motors. In this work, to optimally design a DSS-
DRSynRM, a new data-driven optimisation method based on
WTSM is presented. Figure 5 illustrates the flowchart of the
proposed optimisation process. The detailed description of
each step is described as follows:

3.1 | Phasel: Torque decomposition

In the first phase of the proposed optimisation method, the
proper initial design of the DSS-DRSynRM must be accom-
plished through an iterative tuning process. While the machine
torque depends on the airgap diameter of each rotor, the
saturation level of stator yoke plays a decisive role on deter-
mining the effective airgap flux density. Figure 6 illustrates the
variation of the stator yoke flux density (Byy) with respect to the
yoke's width (wsy). As can be seen, a low value of ‘wsy’ will
result in highly saturated machine and consequently, the
effective flux in the airgap will significantly reduce. Another
deficit of a thin stator yoke in DSS-DRSynRM is the reduction
of airgap diameter of outer rotor (D,,,) which will provide a
lower torque value with the fix amount of shear maxwell. On
the other hand, uncontrolled increase of yoke width will in-
crease the material cost and weight of the machine. Therefore,
a suitable operation point (B, <1.557) is selected to match
with the desired operation characteristics.

As mentioned in previous section, the studied multi-
objective optimisation problem includes 26 design parame-
ters distributed in both rotor sides. In the case of utilising
conventional data-driven model-assisted optimisation tech-
niques presented in previous research, a specific surrogate
model should be assigned to each objective that can accurately
predict the input—output relation in the studied problem.
However, this approach will require a significantly large num-
ber of FEM simulation to generate an appropriate number of
samples and proper accuracy in the predicted output values.
For example, by considering only 3 levels for each parameter in
FF-based sampling method and data, the training dataset will
contain 3% samples which is computationally unaffordable.
Other option is using methods such as multi-level optimisation
where the search space must be divided to multiple levels.
However, this will result in a smaller search space, multiple
iterations and possible loss of the real optimum solutions. To
tackle these issues, this work takes advantage of the decom-
posability of the torque waveform of the DSS-DRSynRMs. As
it is illustrated in Figure 7, the generated output torque of the
machine is the sum of torque produced by each rotor segment.
By analysing the magnetic equivalent circuit (MEC) of the
machine, it is evident that the inner rotor airgap flux (¢;) and
outer rotor airgap flux (¢,) is dependent to the variable
magnetic reluctance of stator's yoke (R,s) where the reluctance

Start

1 ) 4 Phase 2

Iterative initial design
tunning based on full

Generate Torque Wave Datasets
using LHS for each rotor

|

motor FEM segment
l Fl
a8
Yo t
oy < B Train WTSMs for each Rotor E
segment based on ANN F
Yes l l =
Develop Separate FEMs No
for each Rotor segment MSE <&
Phase 1 ' Yes l
¥ Combine Surrogate Torque
Waveforms using MATLB
Calculate T,,,.T,,,(%) SEL

using post processing script

| b ¢

NSGA II to optimize 26
design parameters

|

Extract Pareto Solutions

|

Evaluation of Final Pareto
Solution via FEM

FIGURE 5 Flowchart of the proposed WISM-based optimisation.

Magnetic Flux Density
Contour Plot : T
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0.7200
0.6300
0.5400
0.4500
0.3600
0.2700
0.1800
0.0900
0.0000

wsy (mm)

FIGURE 6 Effect of stator yoke width (wsy) on its flux density (BW>

value depends on B,. Therefore, the statot's yoke will behave
as a magnetic short-circuit path due the proper selection of
stator's yoke width (wsy). Consequently, ¢; and ¢, can be
determined separately from each other. The latter helps to

i

individually model each rotor side's torque waveform and to
eliminate the cross-coupling between design parameters
located on inner rotor and outer rotor. In this regard, models
can be constructed with 13 variables instead of 26 variables.

Although the torque waveform decomposition will elimi-
nate the cross-coupling effect, the value of objectives such as
Tip(%) still depends directly on both rotor dimensions
simultaneously. This dependency can be described using
Equations (4) and (5):

Y;W'e - 1/ Yzotal(t)dt - 1/(7-;1'mer(t) + I)utcr(t))dt
T T
= Teppe T I

(4)

Veouter
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max(ﬂotal (t) ) - mll‘l( Y;Otal (t> )
7-;we

Ylip(%) - # 7—Lip((%))inner

(3)
+ Tip (%)

outer

As it is written in Equation (4), T,y can be calculated based
on combining the average torque of inner and outer rotors
which they are only the function the design parameters located
on the corresponding rotor segment. However, as it is
described in Equation (5), Ty, (%) still depends on both of the
rotor segments despite of the decomposability of the torque
waveforms. Consequently, 26 design parameters still are
needed to construct the surrogate model for torque ripple.

To address this issue, this paper uses a newly proposed
WTSM method which is responsible to prediction of wave-
forms instead of single-output values. In other words, the
WTSM will separately compute the torque waveform of each
rotor segment and as a result, the number of variables for data-
driven model construction will decrease to 13 helping to
significantly reduce the computational cost. Figure 8 illustrates
the concept of WISM-based prediction of waveform-related
objectives such as average torque and torque ripple. As can
be seen, with the assist of torque decomposition and WTSM,
26 variables can be connected to the outputs while only 13
variables are needed to be considered in each training and
surrogate model construction process. The detailed description
of the WTISM strategy can be found in Ref. [20] for further
reading;

Full Machine
FEM/MEC R

fmmm—mm—————
1 Torque Waveform |
1 Decomposition
~

B,<Bp~> R =0

outer Rotor
FEM/MEC

Inner Rotor
FEM/MEC

!
[
1
1
1
1
[
[
1
1
1
1
[
[
[
[
1
1
[
[
[
1
I

FIGURE 7 Principle of torque waveform decomposition in DSS-
DRSynRM with respect of MEC.

3.2 | Phase2: ANN-based WISM
To develop an accurate group of data-driven required for WTSM
strategy, two important factors must be considered. First the
effect of number of variables which is 13 in each WTSM model.
The second is the fitting method to construct the models in each
evaluated time step. The latter can vary the prediction accuracy
of the trained models with respect to a fixed training dataset. To
find pareto optimum solutions for the studied multi-objective
optimisation problem, this paper implements the combination
of the LHS method with ANN-based WTSM. Due to high-
dimensional nature of the DSS-DRSynRM, the adopted sam-
pling approach and model training methods are proven to be
superior options. With respect to the obtained sensitivity analysis
results and the torque decomposition approach, 1000 samples
for Tinner and 4000 samples for T,y Were generated to create
training—validation datasets. For accurately modelling the torque
waveforms, each rotor segment must rotate 60 electrical degrees.
Therefore, 61 steps have been considered to measure instanta-
neous torque. Based on collected torque waveform data, an
ANN model has constructed for each time step. In this regard,
122 ANN models (61 model each) have been established to
predict the torque waveform with respect to the input variables.
Figure 9 shows the accuracy of ANN models constructed for
step (1), step (31) and step (61). An example of ANN-based
WTSM is presented in Figure 10, which compares the torque
waveform of inner and outer rotors of the initially designed DSS-
DRSynRM. As can be seen, an acceptable agreement has been
achieved with prediction of Tiyner and Touser-

To comprehensively analyse the effect of utilising ANN
models to construct WISMs, the measured accuracy metrics
have been compared to the Kriging model-based WTSM in

WT-Surrogate Models

e
il Waveform in each
Time step
. — -
! —[PGrret

X

Input Variables

Created
Waveform
Dataset based
on WTSM

T2 3 45 6 7 8 910 1 12 13 14 15 16 17
Time Step

— y()+é, (x)

Predicted Output function

Post-Processing Unit

FIGURE 8 Conceptual visualisation of WTSM strategy [20].
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Figure 11. The Kriging modelling technique is a spatial
distance-based interpolation method that uses variograms to
estimate local and global structure of objective functions which
is widely used in electrical machine applications. An inherently
similar approach is also can be found in the RBF surrogate
modelling method. Therefore, the

Kriging method has been chosen for further accuracy
comparisons. As it is evident, the Kriging method failed to
perform while the ANN method was able to provide a high
accuracy with the same training and validation datasets. This
results also proves the capability of ANN modelling for tack-
ling high-dimensional problems.

3.3 | Multi-objective optimisation

With the help of constructed WISMs, the T, and Tﬂp(%)
can be calculated using post-processing script combining
Toner and Touer and applying mathematical formulae. More-
over, it is possible to fully investigate the design space with
26 variables and find the best pareto solutions. For this

. 1 .
| Time-step (1) H i

1*Target + 0.02

Output ~= 1*Target + 0.0061

Output ~= 0.99*Target + -0.01

Output ~

B} 05 05 1 s 05

° o
Target Target

Validation: R=0.98952 Validation: R=0.96867

T i [N11]
= 0.96"Target + 0.012

Output ~

Target

FIGURE 9 Accuracy analysis for trained ANNs on Step 1, step 31
and 61.

INm]

inner

T

L L L L L
0 0.002 0.004 0.006 0.008 0.01 0.012
Time [s]

outer [Nm]

T

o Touler 'WTSMANN

40

0 0.002 0.004 0.006 0.008 0.01 0.012
Time [s]

FIGURE 10 Comparison between torque waveforms computed with
FEM and WTSM. (a) Inner rotor and (b) outer rotor.

purpose, NSGA II has been adopted since it is more efficient
with problems containing large inputs and limited number of
objectives. Figure 12a illustrates the results obtained through
applying 100 generations and 200 populations size (2*104
sample designs in total). In addition, the variation of weight
constraint according to studied objectives is illustrated in
Figure 12b. Moreover, the movement of NSGA II according
to each generation number to find the pareto optimum so-
lutions is shown in Figure 12c. With respect to the extracted
pareto front, a final design must be selected according to the
application requirements. Moreover, the selected design is a
result of surrogate-based optimisation which requires an
additional FEM-evaluation to verify the reliability the opti-
misation result.

4 | COMPARATIVE PERFORMANCE
ANALYSIS

Figure 13 shows the obtained optimum design through the
proposed ANN-based WTSM and applied NSGA II. How-
ever, to comparatively verify the effectiveness of the proposed
method, different performance aspects of the obtained pareto
solution is analysed in this section.

08| —@— ANN-inner
ho} —#— ANN-outer
2 Kriging-inner
g 0.7 —P— Kriging-outer
o
R
o v

b

0.5

0.4

0.3 L L L 1

10 20 30 40 50

Time-Step ID

FIGURE 11 Comparison between WISMs trained with ANN and
Kriging.

()
® AllData
(C) £
Ll et :
| Initial Design 1
s
puod |s .
'S ©)
55
10 20 30 40 50 60 70 80 90 100 |
T (%) o o E w0

FIGURE 12 Multi-objective optimisation results based on NSGA II.
(a) Pareto front, (b) weight distribution and (c) Generation distribution.
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41 | Electromagnetic performance

Figure 14 shows the comparison between the torque waveform
of initial and optimised designs. Also, the obtained perfor-
mance factors are summarised in Table 3. As can be seen, the
average torque has maintained above the defined constraint
with a slight improvement. The latter demonstrates the pro-
posed initial design technique in phase 1 effectively provided a
good starting point in terms of maximising the torque density.
However, the torque ripple reduced from 23.61% to 10.62%.
By analysing the harmonic orders of torque waveforms
through fast Fourier transformation (FFT), it is evident that
three major harmonic amplitudes are compensated leading to a
much smoother operating torque in the optimised DSS-
DRSynRM (see Figure 15). The shape variation for torque
waveform of inner and outer rotors are reported in Figure 16.
Further comparative investigation on torque waveform of each
rotor segments proves that the applied optimisation algorithm
was able to create a phase difference near to 180 electrical
degrees with the three most significant harmonics frequencies
(160 Hz, 320 and 480 Hz). Therefore, a destructive interfer-
ence has been occurred to reduce the resultant harmonic
amplitude in the output torque of the optimised DSS-
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FIGURE 13 The optimal design with the proposed method.
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FIGURE 14 Optimised versus initial torque waveforms of DSS-
DRSynRM.

TABLE 3 Performance comparison results.

Design Tove(Nm) Toip (%) Weight (kg)
Initial 86.53 23.61 70.168
Optimised 86.748 10.62 68.66

DRSynRM. Thanks to the availability of all 26 design vari-
ables for the optimisation, it was possible to simultaneously
modify the torque waveforms of each segment according to
each other leading to the minimised torque ripple while max-
imising the average torque. The obtained optimum design also
presents an improved performance considering field weak-
ening (FW) operation and increased current angle with respect
to the maximum torque per ampere (MTPA) point. As it is
illustrated in Figure 17, while both designs provide a similar
average torque, the variation range of torque pulsation is
considerably lower with the optimised DSS-DRSynRM. The
latter can also be considered as an indirect benefit of proposed
optimal design method.

Compensated Torque Harmonic Orders
!

I Optimized
I Initial

Torque Harmonic Amplitude [Nm]

80 160 240 320 400 480 560 640 720 800 880 960
Frequency (Hz)

FIGURE 15 Harmonic comparison of initial and optimised torque
waveforms using FFT.
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FIGURE 16 Inner and outer rotor torque waveforms for initial and
optimised designs.
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FIGURE 17 Performance versus current angle: (a) average torque and

(b) pulsation range.
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4.2 | Computational efficiency

To computationally validate the effectiveness of the proposed
ANN-based WTISM and torque waveform decomposition
method, the same problem has been solved using a very
populat surrogate-based multi-level approach used for variety
of electrical machine optimisation problems [21]. Figure 18
shows the applied multi-level optimisation where the design
space has been divided to 2 levels. Each level represents 13
variables regarding a specific rotor segment. For example, in
first level, the design parameters of outer rotor are fixed at
their initial value. Meanwhile, the design parameters located on
the inner rotor will be optimised to minimise the torque ripple
and maximise the average torque. After finishing this stage, the
best optimum solution will be selected for the next level. At
second step, the same procedure will be followed for opti-
mising outer rotor design parameters while the inner rotor will
remain fixed. The algorithm will repeat itself untl the
convergence is achieved by minimising the cost function (fmin)
in each pareto front. The utilised cost function is written as
follows:

7;&*6 7;ip ( % ) initial
7;.ve—initial Y;ip (%)

fmin = (6)

FEach level consists of 13 variables. In this regard, an
adequate number of samples needs to be generated for
construct surrogate models with appropriate accuracy in each
level. As the total FEM simulations for proposed method was
1000 for inner rotor and 4000 for outer rotor, the same
amounts also have been considered for minimum initial data-
set. However, due to sensitive nature of Ty,(%) and large
number of variables, the datasets has increased to 3000 samples
and 5000 samples, respectively.

Figure 19 illustrates the optimisation samples and pateto
front generated in different levels. As can be seen, each level
has resulted in a different pareto front and minimised cost
function. Table 4 summarises the optimum values obtained in
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FIGURE 18 Multi-level optimisation flowchart for DSS-DRSynRM.

each pareto front. Moreover, the measured cost function is also
included for comparison purposes. It is evident that the pro-
posed method has been able to provide a lower cost function
with 37.5% reduction in the required number of FEM simu-
lations for the optimisation of DSS-DRSyRM. This parallel
improvement in computational efficiency demonstrates the
superiority of the proposed method in comparison with the
existing multi-level approach.

5 | CONCLUSION

A new high-dimensional optimal design method for DSS-
DRSynRMs based on the combination of data-driven models
and torque waveform decomposition feature was presented in
this article. The proposed method was structured into three
distinct phases to enhance computational efficiency and design
accuracy. In the first phase, it has been demonstrated that an
optimal initial sizing of the stator yoke enables the decoupling
of the magnetic interaction between the inner and outer rotors.
By establishing the principle of torque waveform decompos-
ability DSS-DRSynRMs, the design space was pattitioned into
smaller independent subspaces, significantly reducing the
computational complexity of the optimisation process. In the
second phase, the application of a newly proposed WISM
strategy for optimisation of DSS-DRSynRMs is comprehen-
sively studied. By means of combining WTSM with ANN, two
improvements are achieved:

* AllData  ® Pareto Front

X AllData @ Pareto Front
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FIGURE 19 Multi-level optimisation based on NSGA II. (a) Level 1
and (b) Level 2.

TABLE 4 Summarised optimisation results with multi-level and
proposed methods.

Number of Weight
Case Variables Towe (Nm) T, (%) (kg) Frin
Multilevel- Level 1 (13 86.19 17.4 71.14 1.7440
8000 FEM vatriables)
Level 2 (13 86.39 11.3 69.37 1.4802
variables)
Proposed— 26 variables 86.748 10.62 68.22 1.4523
5000 FEM
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(1) Applied WTSM strategy allowed to simultaneously model
and optimise both rotor segments. The latter is not
possible with the conventional approaches such as multi-
level optimisation.

(2) Employing ANN over traditional fitting techniques such as
kriging improved the accuracy. Also reduced the need for
extensive FEM simulations for surrogate models particu-
larly in high-dimensional problems.

At the last phase, the pateto solutions alongside the
optimal design were found using NSGAIIL

In order to evaluate the effectiveness of the proposed
method, the electromagnetic and computational efficiency as-
pects were analysed showing a superior performance compared
to initial design and multi-level method, respectively.
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