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Abstract

This paper presents an optimization methodology for the design of magnetic components embedded in aeronautical
structures. We want to realize a multi-objective optimization of an inductance, taking into account some physical
phenomenon that are not easily described with mathematical formulations, and to set up a methodology that allows
us to harvest optimization time. We will use, for that purpose, analytical formulations, Finite Element Analysis
(FEA), and a neural network to reduce the time consumption of components evaluation.

Notations

A, m? core cross section

a - Steinmetz parameter for frequency

Briax T maximum induction level

Br - Steinmetz parameter for induction

Af K Temperature elevation

n - efficiency

f Hz frequency

h W.m2K! Heating coefficient

Ji A.m™32 RMS current density

ky, - Winding coefficient

k; - Mean current divided by RMS current

Kripple - Current ripple divided by maximum of the current

Kp - Corrective Steinmetz parameter

Kp,/p, - Iron losses divided by copper losses

Ks - Exchange surface divided by (AeSW)%

k, - 1 — duty cycle

Ky, - Volume of copper divided by (AESW)%
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Ky, - Volume of iron divided by (AeSW)%
P, W Copper losses

p; %Y Iron losses

Prax \%Y% Power flowing through the component
Ruo/Rac - AC resistance divided by DC resistance
p Q.m Resistivity at given temperature

Sw m? Winding path area

N - Winding number of turns

Introduction

The integration of more electrical power in the aerospace systems will help redefine the development of future
aircrafts. Mass optimization of power converters based on Wide Band Gap semiconductors is essential for facing
the challenges in the aerospace field brought about by the concepts of More Electrical Aircraft (MEA) and More
Electrical Propulsion (MEP). In Fig. 1, a view to the exponentially increasing MEA and MEP development is
presented [1].

A stepped approach
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Fig. 1: a roadmap to hybrid electric energy & propulsion

In the field of More Electrical Propulsion, aircraft network architecture could include high-power propulsion
electrical distribution network and storage equipment. In a configuration that includes a high voltage DC bus and
a Li-ion battery, a non-isolated DC/DC converter can be inserted between the battery and the DC bus. The aim of
this converter is to limit the voltage variations of the DC bus and to control the power flow of the battery. For a
Li-ion battery of 540V, the voltage can vary from 400V to 630V depending on the state of charge. In the case of
a DC bus voltage between 750V and 1000V, we choose to work on a multiphase synchronous boost converter,
based on SiC transistors (fig. 2). In such a converter, weight optimization depends on the number of phases, the
switching frequency and the magnetic components. To have an optimized sizing of the magnetic component
according to the materials and other parameters is therefore most important. In addition, this optimization process
must be fast enough to allow the evaluation of many converter configurations (frequency, number of phases,
current ripple and magnetic material) and allow the computation of an overall optimum.

Multiphase synchronous buck converter
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Fig. 2: Multiphase synchronous buck converter

This paper will present an optimization strategy. We used the design of a smoothing inductance located at the
output of a DC/DC converter, carrying 1 kW at 25 kHz, as illustration of the global methodology. This strategy
will take place in four stages:
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1. A pre-sizing process with simplified analytical formulas (coarse model), gives a set of initial geometric
and size solutions to the required specifications. We do not take into account AC losses in windings
during this pre-sizing process.

2. Copper losses are refined on a few selected geometries using finite element software (FEMM 4.2 [2]) to
calculate a R./Rq. ratio taking into account eddy currents and proximity effects in the windings. This
model based on finite element analysis is here after defined as fine model,

3. A surrogate model for copper losses is proposed, it is based on the correction of R./Rq. ratio by means
of a neural network model,

4. This substitute corrected model is then used in a stochastic multi-objective algorithm based on a
“differential evolution algorithm” (DEA) [3].

1. Objective of the work

The general objective of this work is to optimize the previously described magnetic component. We want to
minimize two variables:

- the weight
- the losses ratio (amount of losses divided by P, , equal to 1 -n)
Geometries are defined by 6 parameters:

- 4 geometric parameters (length and width of the winding path, width and depth of the magnetic central

leg),
- the number of turns,

- the winding coefficient.

The component is constrained by the saturation level of induction in the magnetic core.

The corresponding problem can be formulated as follow:

min F(x) = {Weight(x),1— n(x)}  x = {f1,€3,¢5,44, N, ky}
X
0< < Ly
Domain Q : 1< N < Npax

0<k <k, <k <1

Wmin Wmax

Subjectto g(x) < 0: g(x) = B(x) — Biax

2. Analytical pre-sizing process

The developments of our strategy are confined to the following design specifications:
e The designed magnetic component is a filter inductor designed for a Buck converter as represented in
Fig. 3.a., carrying 1 kW at 25 kHz.
e The inductor voltage is +/- 135 V with an average current /, of 7.4 A, a current ripple rate of 10% and a
duty cycle of %2 (Fig. 3.b.).
e The magnetic core is a gapped ferrite core made with a 3C90 material. Its geometry is defined in Fig. 3.c.

VL
+E2 ——

t \,-/\'/x

(a) (b) ()

Fig. 3: a. schematic of the DC/DC converter. b. Current/voltage waveforms. c. Magnetic core shape.
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Once the strategy is validated, it will be extended to others configurations. In the pre-sizing process, the geometry
of all the components is assumed to be homothetic of a generic shape defined by the x parameter of Fig. 3.c.

The pre-sizing process is a mix between a thermally limited method [4] and a method using the area product
“AcSw” [5]. This method is based on the following formulation:

Pmax OCAeSWXfXIXBmax (1)

Many calculation models for core losses exist [6]. In this pre-sizing process, we have chosen a formula based on
the Steinmetz equation, adapted for ferrites under this kind of electrical waveforms:

B 3
P; = Kp fa( Kripple X Bmax) FKVL-(AeSw)4 (2)

Electrical losses in windings are expressed by a formula that neglects AC component due to skin and proximity
effects [7]:

P = pJ2 Ky (AeSi)® 3)

Considering a simple thermal model and introducing a ratio between iron and copper losses lead to the following
formula for 4,S,, area product:
1.1 1 1
7Br=2 kvaax (1 + KP'/PC)BF+2 (KP fa KV‘)ﬁF(p KVc)Z
(AeSW) 8hr = l1 X :
f kikw Br
K

Pi/P¢

1.1 4
(h Ks AG)PF 2 @

The calculation of the derivative with respect to Kp,/p, of this expression allows us to find that the volume of the

component, when Kp_ /p_increases, is decreasing then increasing. The minimum volume is reached for Kp_ /p_ equal
utc utc
2

to E

However, this value of Kp,/p, can lead to a maximum induction level higher than the saturation level of the
magnetic material. In this case, during the execution of the proposed algorithm, the value of Kp, /p. is decreased by
steps of 10% while the saturation level is exceeded. A set of pre-sized components is computed using the
implementation of this procedure (fig 4.a.) with different values for the temperature elevation (A8). The circles on
Fig. 4.b represents the Pareto front of pre-sized components according to the previous inductor specifications and
for temperature elevation in the range of 1 to 80 °C.

| Design specifications | | AB |

| Area*product(AeSb) * H Kp,/p, H 2
!

\ © presized components

Geometric dimensions

o

0 05 1 15 2 25 3 35 4 45
Weight (kg)
(a) (b)
Fig. 4. (a) Flow chart of the pre-sizing process.  (b) Pareto front of computed results (A8 between 1 and 80 °C).

The results of this analytical pre-sizing process is fed to a multiobjective DEA to find the Pareto based on this
model. This analytical pre-sizing process gives a set of solutions based on the homothetic shape hypothesis
presented in Fig.3. Computing a DEA with analytical formulations allows to quickly obtain a set of solutions for
different geometric shape ratios.

3. Finite Element Analysis

The Analytical pre-sizing process doesn’t consider eddy currents and proximity effects, a 2D Finite Element
Method Analysis (FEA) is used to remedy this issue with the free software FEMM 4.2. Modeling a magnetic
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component with detailed windings is time consuming, to overcome this issue, a homogenized model of the
windings [8] has been used. The implementation of the homogenized model for windings drastically reduces the
time required to calculate losses for a given component, from several minutes to a few seconds on a desktop
computing station. In the context of our work, we use a laptop with a four-core CPU Intel core i5 7440 HQ (2.8
GHz). Considering a component with 64 turns (presented on Fig.5.), the calculation of R./Ra with detailed
windings takes 6300 seconds whereas it takes only 16.6 seconds with the homogenized model.

The detailed and homogenized models have been compared on a frequency range between 100 Hz and 1 MHz in
the fig 5.a. Calculations of R./R4 with homogenized model is close to the values obtained with detailed windings.
The relative error between the two models does not exceed 3 %. This is quite acceptable while the calculation time
is, according to previously given values, divided by approximately 400.

At this time, the effect of the gap on the center leg on R, losses is not taken into account. This will be done in
future work, however, this does not fundamentally change the method.

—detailed windings model
——homogenized model

windings Frequency (Hz)

102 10° 104 10° 10°
(a) (b) (c)
Fig. 5. (a) Detailed windings. (b) Homogenized model. (¢) Rac/Rac as a function of frequency.

4. Corrected copper losses model using a neural network

Although the implementation of the homogenized model for windings drastically reduces the time required to
calculate losses for a given component (between several minutes and a few seconds), the gain in computation time
does not allow for the systematic use of finite element analysis in an optimizing routine. For example, considering
15 seconds for one calculation in a procedure of 100 iterations with a set of 500 different geometries leads to
approximatively 208 hours exclusively dedicated to these analyses. As these results should be used in a more
complex optimization process for the whole converter, it is therefore necessary to reduce the number of FEA
evaluations, and then find a way to assign a R../Rq4. value for each geometry of the design space.

A methodology based on the Space Mapping Technique [9] is proposed and is described in Fig 6.a. The geometries
were chosen with regular spacing on the Pareto front resulting from the optimization of the analytical pre-sizing
model (fig 4b).

With this set of 124 geometries and their calculation via FEA, we construct an approximation of these data based
on a neural network (using newrb function in Matlab software). Of this 124 geometries, 20 are used to train the
neural network, and 104 are used for its validation.

Values of R./Ri- has been calculated with FEMM for all these 124 points. In Fig 6.b we represent the value of
Rao/Rac obtained by FEM calculation, and the approximation of R./R.. ratio that the neural network assigns to all
the 124 points.
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Fig. 6. (a) Space mapping: Flow chart of the creation and utilization of the neural network. (b) Construction of a
neural network. In blue: FEM computed values of R./R4.. In red: approximated values of R./Ryc.

This neural network gives a quite good approximation of R../Rs.. We will use it in our optimization algorithm, and
then verify its efficiency in this process.

5. Global optimization strategy
The adopted global strategy employed here is described by the flow chart in Fig.7.

1 - Presizing with 2 - Differential 4 - Creation of the 5 - Differential
analytical formulas evolution algorithm neural network evolution algorithm
with analytical with neural network
formulas

e. Corrected
second
Pareto front

c. Corrected
first Pareto
front

d. Second
Pareto front

b. first

a. Set of presized
Pareto front

solution

" "Rac/Rdc with FEMM with FEMM
Fig. 7. Flow chart of the complete optimization strategy.

A first set of optimal geometries (Fig7.a) is computed using the analytical pre-sizing process (step 1 of fig.7, see
also fig 4.). This set is fed to a first DEA (step 2) to compute a first optimal Pareto front (b). To take into account
the AC effect in windings, we compute the FEA calculation of R../Ra. of these geometries (step 3), and use the
results (c) to train a neural network (step 4). This neural network approximation is used in a second DEA (step 5)
to compute the second Pareto front (d). The final result (e) is then determined by a complete FEA of the results
(step 6).

We represent the corrected first Pareto front (c, blue line), the one obtained after the second computation of DEA
(d, red line) and its verification through FEMM (e, green line) on Fig.8.
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Fig. 8. Pareto optimal solutions obtained with analytical formulas and with neural network assignation

In order to verify the accuracy of the neural network and the need to consider AC effects during the optimization
process, we represent three sets of solutions.

Indeed, the comparison between the Pareto front obtained after the second DEA (red line), and its correction with
FEA analysis (green line) shows little differences between these two sets. It allows us to admit the good accuracy
of the neural network in the attribution of R../Ra. for these geometries.

The comparison between the Pareto front obtained after the first DEA, corrected by FEA (blue line) and the FEA
correction of the second Pareto front (green line), shows that the geometries obtained after the second DEA present
lower level of losses for a same weight, than those obtained without consideration of AC effects during DEA. We
can conclude that it is important to take into account AC effects during the DEA in order to reach better optimized
solutions.

Conclusion

The proposed optimization methodology provides an efficient way to design components in which physical
phenomena cannot be estimated correctly with analytical models. The proposed solution uses few Finite Element
calculations and a neural network to extend these calculations to the entire design space. In further works, we will
apply this methodology to other specifications and at different frequencies. We will also try to adapt this
methodology in order to consider the presence of an air gap on the electrical losses of the component.
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