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Abstract --- Parameter design is significant in ensuring a
satisfactory holistic performance of power converters. Generally,
circuit parameter design for power converters consists of two
processes: analysis and deduction process and optimization
process. The existing approaches for parameter design consist of
two types: traditional approach, computer-aided optimization
(CAO) approach. In the traditional approaches, heavy human-
dependence is required. Even though the emerging CAO
approaches automate the optimization process, they still require
manual analysis and deduction process. To mitigate human-
dependence for the sake of high accuracy and easy
implementation, an artificial-intelligence-based design (AI-D)
approach is proposed in this paper for the parameter design of
power converters. In the proposed AI-D approach, to achieve
automation in the analysis and deduction process, simulation
tools and batch-normalization neural network (BN-NN) are
adopted to build data-driven models for the optimization
objectives and design constraints. Besides, to achieve automation
in the optimization process, genetic algorithm is used to search
for optimal design results. The proposed AI-D approach is
validated in the circuit parameter design of the synchronous
Buck converter in the 48 V to 12 V accessory-load power supply
system in electric vehicle. The design case of an efficiency-optimal
synchronous Buck converter with constraints in volume, voltage
ripple and current ripple is provided. In the end of this paper,
feasibility and accuracy of the proposed AI-D approach have
been validated by hardware experiments.

Index Terms - Power converter, parameter design, artificial
intelligence, evolutionary algorithm, neural network.

I. INTRODUCTION

Power converters have been increasingly applied nowadays
in both industries and our daily life. Power converters can
regulate power transmission and alter the form of voltage and
current [1]. In industrial applications, power converters such
as DC-DC converters and inverters are the critical enablers in
renewable energy systems [2], wireless power transfer [3] and
DC microgrids [4]. Even in our daily life, the applications of
power converters are omnipresent, such as electric vehicle [5],
solar PV [6], etc.
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To ensure the satisfactory performance of power converters
in all the applications, the circuit parameters of power
converters should be carefully designed. And efficiency, size,
cost, reliability, ripples and transient response are several
commonly-adopted design objectives [7]-[10]. To achieve a
comprehensively better performance, usually multiple design
objectives are considered simultaneously, which renders the
parameter design for power converters significant and
challenging.

Generally, the parameter design for power converters
consists of two processes: analysis and deduction process, and
optimization process. Up to now, there have been two main
approaches in the parameter design of power converters,
which are traditional human-dependent design approach [11],
[12] and computer-aided optimization (CAQ) design approach
[8], [13], [14]. For traditional human-dependent design
approach, the analysis of optimization objectives and design
constraints are conducted by engineers totally to deduce
mathematical expressions [11]. And the optimization process
will also be conducted with repetitious manual trials and errors.
The major drawbacks, from which the traditional human-
dependent design approach is suffering, are heavy work
burden and the low accuracy due to approximation during the
analysis and deduction process [11]. As for the CAO approach
which has been proposed in the past two decades, the
optimization process has been carried out with some
optimization algorithms on computers, such as the recent
popular particle swarm optimization algorithm, genetic
algorithm and ant colony algorithm [14]. However, the
analysis and deduction process for optimization objectives and
design constraints are still highly human-dependent, resulting
in low accuracy and large amount of consumed time [13].

To relieve the manpower burden in the analysis and
deduction process of parameter design, neural network (NN),
which is an artificial-intelligence (AI) technique, is an ideal
technique to be adopted. Emulating the adaptive connections
of neurons in brain, NN has the capability to learn from and
interpret external data by tuning its adjustable weights. The
easily scalable structure of NN makes it possible to learn any
complicated non-linear functions with any accuracy. Due to
these advantages, NN has been widely adopted in motor
optimization [15], modulation strategies [16], and control [17],
[18]. For instance, [15] adopts extreme learning machine to fit
the results of finite element analysis to optimize motor. [16]
utilizes NN to realize optimal selective harmonic elimination.
NN serves as the model predictive controller for modular
multilevel converters in [18].

However, NNs utilized in the current literature of power
converters are mostly basic networks, the generalization
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accuracy of which in unseen data still has room for
improvements. To realize a higher prediction accuracy in
unseen data, the structure of NN should be improved.

As inspired by the strong learning capability of NN, to deal
with the above difficulties which the existing parameter design
approaches for power converters are facing, an artificial-
intelligence-based design (AI-D) approach is investigated in
this paper. In the proposed AI-D approach, automation in the
two procedures in parameter designs can be achieved:
automation in the analysis and deduction process and
automation in the optimization process. The analysis and
deduction process will be conducted by data-driven models
with the assistance of simulation tools and batch-
normalization neural network (BN-NN). And the evolutionary
algorithm (EA) will take the responsibility for the
optimization process. With BN-NN and the automatic fashion
in these two procedures, the parameter design for power
converters can achieve accurately optimal design results as
well as a large extent of freedom for engineers.

The rest of this paper is organized as follows. The problems
in the existing parameter design approaches for power
converters and the proposed solutions are described in Section
II. The detailed process of the proposed Al-based design
approach is elaborated in Section III. A design case is illustrated
in Section IV and experimental results are presented in Section
V. And Section VI draws the conclusion for this paper.

IT. PROBLEM DESCRIPTIONS FOR THE PARAMETER DESIGN
APPROACHES FOR POWER CONVERTERS AND THE PROPOSED
SOLUTIONS

A. Problems in the Existing Circuit Parameter Design
Approaches for Power Converters

In the design of circuit parameters for power converters, after
specifying the design objectives and operating conditions, there
are two major important procedures. The first one is the analysis
and deduction process for the optimization objectives and design
constraints, after which the mathematical expressions for
optimization objectives and design constraints will be obtained.
And the second one is the optimization process to find out the
circuit parameters which can realize optimal performance in the
optimization objective without breaking the design constraints.
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Flg. 1. Reahzatlon of design process (human-dependence or automation) in two
kinds of parameter design approaches for power converters: traditional human-
dependent design approach and CAO design approach.

In the traditional human-dependent design approach, as
described with the left side in Fig. 1, analysis and deduction

process and optimization process are both carried out by
engineers. To derive the mathematical expressions for the
targeted optimization objective and design constraints, many
approximations will be taken for the sake of analytical
convenience. For example, to derive the operating point of
two-switch forward converter in [11], the switches are
assumed to be ideal. Besides, as introduced by Lin et. al., in
the deduction of output impedance of dual active bridge
converter, only 0" and 1% order terms in Fourier expansion are
considered [19]. Even though sometimes approximations are
removed for the sake of high accuracy, the computational
burden and complexity are heavy for engineers [12], [20].
When it comes to the optimization process, repetitious manual
trials and errors are also time-consuming and have no
guarantee for optimization accuracy [21].

Time has seen great improvements since the development
of computer science has contributed to the CAO parameter
design approach in the last two decades, which is presented in
the right side of Fig. 1. The CAO design approach has realized
automation in the optimization process with the assistance of
optimization algorithms [8], [13], [22]-[24]. For instance, [8]
modifies the archived multi-objective simulated annealing
algorithm (AMOSA) to achieve multi-objective design of
Buck converter. [22] adopts Monte-Carlo for the optimal DC-
DC converter in automobiles. Liu et. al. deduces the capacitor
lifetime through the analysis of its internal temperature rise,
analyzes the volume of L and C based on the inductance and
capacitance definitions and their geometric features, and
adopts NSGA-II algorithm for a good comprehensive
parameter design [25].

Even though CAO design approach has freed engineers from
repetitious trials and errors to achieve optimal design results, the
human-dependence in the analysis and deduction process
remains unsolved. To obtain the mathematical expressions of the
optimization objective and design constraints, complicated and
time-consuming analysis cannot be avoided, which is, at the
same time, suffering from accuracy concern. Besides, the nature
of optimization algorithms adopted in CAO is intrinsically a set
of rigid instructions to find optimal solutions for a given function,
so CAO approaches have no capability to learn from and
interpret external data to grow intelligence. Therefore, CAO
approaches cannot be considered directly as Al

B. The Proposed Solutions for the Automated Design for the
Circuit Parameters of Power Converters
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Fig. 2. Realization of design process in the proposed AI-D approach for the circuit
parameters of power converters.
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To deal with the problems including heavy work burden and
low accuracy in the parameter design for power converters,
which is attributable to the high level of human-dependence,
an artificial-intelligence-based design (AI-D) approach is
specially put forward. As shown in Fig. 2, this design
approach can carry out both the analysis and deduction
process and the optimization process in an automatic fashion,
facilitating an easy-implemented and accurate design.

(a) Automation in Analysis and Deduction Process

To eliminate human-dependence in analysis and deduction
process, simulation and batch-normalization NN (BN-NN) are
adopted to build a data-driven model, as described with Fig. 3.

Simulation models will be built to evaluate the performance
in the optimization objectives as well as the performance in
design constraints under different selections of design
parameters. With simulation models, a neural network will be
provided with data set for training. After training with limited
performance data, NN can serve as an accurate data-driven
model because it can figure out any complicated and nonlinear
relationships between design parameters and performance.

Thus, it can be used to predict the performance of new designs.

s a
Automatic Analysis and Deduction Process

Build data-driven models for the optimization
objective and design constraints

/ Data-Driven Modeling with \
Batch-Normalization NN

[ gcalarizzgm Layer ]

4 <> —
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Fig. 3. Automation in the analysis and deduction process in the proposed AI-D.

For the sake of better generalization accuracy in predicting
unseen design performance, BN-NN is specially adopted for
building the data-driven models. It consists of three kinds of
layers: scalarization layer, hidden layers, and output layer.
BN-NN is named because of its special batch-normalization
layer in the hidden layer. The batch-normalization layer aims
to avoid the over-fitting problem, which will seriously
deteriorate the NN accuracy. Compared with other techniques
in avoiding over-fitting, such as L2 weight-decay
regularization [26] and dropout [27], batch-normalization
layer [28] does not introduce extra hyperparameters, and thus
is simpler for the tuning of NN. Basically, the batch-
normalization layer applies normalization to layer inputs, and
it can adaptively tune the degree of normalization, with which
the over-fitting problem is largely mitigated [28].

With simulation models and BN-NN, the analysis and
deduction process in the design process can be conducted in
an automatic fashion, freeing engineers from heavy work
burden. And more accurate performance evaluation can be
guaranteed compared to the traditional manual analysis

process with approximation. The special structure of BN-NN
also guarantees better generalization accuracy in predicting
unseen design performance.

(b) Automation in Optimization Process

Apart from automation in analysis and deduction process,
optimization process in which design results are finalized to
achieve optimal performance can also be carried out automatically.

Genetic algorithm (GA), one of the popular evolutionary
algorithms, is chosen to take the responsibility of parameter
optimization. This choice is considered from the special
characteristic of parameter design problem for power
converters. When a power converter is designed, the design
parameters may lie in continuous space or discrete space. For
example, when switching frequency is designed, usually
continuous design space is considered. Whereas when
inductors or capacitors are designed, only discontinuous and
unconnected values can be chosen because of practical
components, so they lie in discrete design space. The mix of
design parameters in both discrete and continuous space
contributes to a mixed-integer optimization problem. Among
popular EA (PSO, GA and ACO), PSO is suitable for
continuous optimization [29], and ACO aims at discrete
optimization [30]. Fortunately, GA performs the best in
mixed-integer optimization and it also enjoys fast convergence
speed [23]. Thus, GA is suitable for AI-D approach for the
parameter design of power converters.

With the adopted GA, global optimal design parameters will
be located to achieve good performance in the targeted
optimization objective without breaking design constraints.
Also, its fast convergence speed is helpful for a prompt design
of power converters.

In a word, as discussed above, the proposed AI-D approach
is able to realize a high level of automation in two procedures:
analysis and deduction process and optimization process. The
special BN-NN adopted in AI-D ensures high predicting
accuracy in unseen design parameters. Hence, the proposed
AI-D approach allows for high accuracy and easy-
implementation in the parameter design of power converters.

III. AI-D APPROACH FOR THE PARAMETER DESIGN OF POWER
CONVERTERS
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Fig. 4. The parameter design of synchronous Buck converter in the 48 V to 12 V
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accessory-load power supply system in EV via the proposed AI-D approach.

The proposed AI-D methodology can be applied to design
circuit parameters for all kinds of power converters with no
limitations on the application backgrounds. In this paper, for the
sake of easy understanding, the proposed AI-D approach is
validated in the circuit parameter design of the synchronous
Buck converter in the 48 V to 12 V accessory-load power
supply system in electric vehicle (EV) [31].

Stage 1 (Section I11-A)

Determine Design Specifications
Operating Conditions:  V;,, V,, P,, 1,
Optimization Objective: Power Efficiency »
Design Constraints:  Volji, (AVo%)iims (ALLY6)jim
Design Parameters: f;, L, C
Parameter Limits: L € [Lyin Luacls f5 € Unins frnax)

€ E [Cipw Gzl
Stage 2 (Section I11-B) 477
Create Lookup Tables

(Lookup Table I for lnductors)
=

- Tar200
= (Lookup Table II for Capacitors)
Database
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Deduce Data-Driven Models for Power Losses and Ripples
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L, C for BN-NN Training ﬁ

Lookup Tables
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Fig. 5. Flowchart of the proposed AI D approach applied in the parameter
design of an efficiency-optimal synchronous Buck converter in EV.

In EV, the 48 V to 12 V power supply system is increasingly
adopted to realize the power conversion from the provided 48
V power supply to the required 12 V accessory-load voltage
[32], as shown in Fig. 4. To facilitate this power conversion
process, usually a synchronous Buck topology is adopted
thanks to its good efficiency and simple structure [31], [32].
When it is designed, efficiency is one important performance
indicator to ensure high power transfer efficiency. In addition,
volume and ripples are considered for the sake of a compact
and reliable design to ensure good holistic performance. In this
paper, the design process takes efficiency as the optimization
objective and takes volume and ripples as design constraints as

an example. It should be noted that if any other objectives or
constraints, like cost or reliability, are preferred in other design
backgrounds, this proposed AI-D approach can still be
applicable and only some customizations are needed.

In this section, the AI-D approach to design the circuit
parameters for the efficiency-oriented synchronous Buck
converter in EV is elaborated, which considers volume and
ripple as design constraints. This design process contains 4
stages, as shown in Fig. 5.

A. Stage 1: Determine Design Specifications

Before further design process, determining all the design
specifications is the first stage.

The design conditions should be firstly figured out,
including input voltage V;,, output voltage V,, output power P,
and output current /,. Power efficiency is the optimization
objective, and the design constraints include volume constraint
Voliim, voltage ripple constraint (AV,%)i» and current ripple
constraint (Al;%)im. The parameters that need to be designed
contain switching frequency f;, inductance L and capacitance
C. The limits of design parameters are also necessary as [fyin,
fmax], [Lmin, Lmax] and [Cmin, Cmax]-

The volume as a design constraint only takes the size of the
inductor and capacitor (Vol;, Volc) into considerations because
they will be greatly influenced by the choices of design
parameters [8]. The minor effects of parameter design on the
volume of other parts, like PCB board, are neglected.

B. Stage 2: Create Lookup Tables for Inductors and Capacitors

In Stage 2, since the values of the inductor and capacitor are
both design parameters, lookup tables have to be created for them.
With the considerations of practical components, lookup tables
store all the reachable values of inductors and capacitors and aim
to bridge the gap between theoretical analysis and reality.

For inductors, Lookup Table I maps the value of inductor L
to the geometric and magnetic features of the selected core.
For capacitors, Lookup Table II maps the value of capacitor C
to the features of the selected capacitor components.

P

Fig. 6. Toroidal inductor applied in Buck converter.

The core with toroidal shape, as shown in Fig. 6, is chosen
as an example. The process to create Lookup Table I for
inductors is described with Fig. 7. After the specification of
the fill factor of inductor core [33], K., with the geometric and
magnetic features of cores obtained from core database, the
maximum number of turns Nuax core and the maximum
inductance Lyax core €ach core can reach are computed with (1)
and (2), respectively. In (1) and (2), core inner diameter /D,
nominal inductance A; are obtained with database, and Ay is
the area of wire. Afterwards, Lyax core 1 sorted in an ascending
order. Lyax core partitions the selection of inductor core. For
instance, if L is lower than or equal to Ly core1, for the sake of
smaller size of the core, core 1 is selected; If L is greater than

0278-0046 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

Authorized licensed use limited to: Aalborg Universitetsbibliotek. Downloaded on June 24,2021 at 10:54:08 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TIE.2021.3088377, IEEE

Transactions on Industrial Electronics

IEEE TRANSACTIONS ON INDUSTRIAL ELECTRONICS

Lmax coret, to avoid core saturation, core 2 is selected.
Subsequently, a lookup table on the choices of cores for the
reachable values of inductors can be created.

| Specify fill factor K, |
L 2

Compute the maximum number of turns
Nyax core Of every core with (1)
~ 2
Compute the maximum inductance
Lma.\;care of cevery core with (2)
v
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e
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v
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Fig. 7. Create Lookup Table I for 1nduct0rs.
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L parasitic (ESR, ESL) features are known.

Fig. 8. Create Lookup Table II for capacitors.

When it comes to the creation of a look up table for
capacitors, flowchart in Fig. 8 is followed. To realize more
values of capacitors with the limited practical components,
possible parallel and serial connections of single capacitors are
considered. After the specification of maximum number of
components for parallel and serial connections MP, all

available values of capacitors can be obtained. And then
Lookup Table II on the different ways of connections for
different values of capacitors can be built. If there are different
combinations for the same designed value (e.g., for 660 uF,
there can be 220 uF * 3 and 330 uF * 2), the combination with
smallest volume is selected.

In this design case, for the sake of illustration convenience,
only toroidal cores and electrolytic capacitors are taken as
design examples. If more types of cores and capacitors are
considered, only minor adjustments are required: one lookup
table will be created for one type of cores or capacitors, so
different types of cores and capacitors will have different
lookup tables. With the created different lookup tables which
store the information of different types of cores and capacitors,
the types of cores and capacitors can be incorporated as the
design parameters to be optimized in the process of AI-D.

C. Stage 3: Build Data-Driven Models for Power Losses,
Voltage Ripple and Current Ripple

In Stage 3 of the proposed AI-D approach, data-driven
models of power losses, voltage and current ripples are
automatically built with simulations and BN-NN. In this
procedure, simulation, which can provide accurate performance
evaluation, evaluates the power loss and ripple performance of
different designs. After the training of BN-NN with these
simulation results, BN-NN will serve as accurate data-driven
models for power losses and ripples. The detailed flowchart of
Stage 3 is provided in Fig. 9 which contains 3 steps.

(a) Step 1: Select Combinations of fs, L, C for BN-NN Training

In Step 1 of Stage 3, combinations of design parameters f;, L,
C should be firstly selected. f;, L and C are uniformly selected
within [fuin, fmax]s [Lminy Lmax] and [Ciin, Cinax] for N1, N2 and N3
number of points, respectively. As a result, the total number of
combinations of f;, L, C generated is NixNoxN3.

Select Combinations of f;, L,
C for BN-NN Training

N1xN,xN;3 Combinations
of (fi,L,C)

Lookup Table I, 11,
Z’ | (3) to (5)
UTspice

Parameters for
Electrical Simulation:
Build Simulation Ry, BORSETI.
Data for BN-NN Training:
—————— TSI Switch, Inductor, Capacitor
_____________ &) Losses and Ripples Performance
Data-Driven Modeling of Power Losses & Ripplcs via BN-NN

57 P 1 -‘;_ . O P cu f‘ . @ AV, %
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Fig. 9. Detailed realization of Stage 3: build data-driven models for power
losses and ripples with simulations and BN-NN.

(b) Step 2: Build Simulation for Power Losses and Ripples of
Selected Combinations to Generate Data for BN-NN Training

Step 2 of Stage 3 aims at building simulations for
performance evaluation of the selected combinations of design
parameters in Step 1 to generate data for training BN-NN.
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The performance indicators that need evaluations include
power losses, voltage ripple, current ripple and volume.
Among them, power losses will be analyzed by magnetic
simulation and electrical simulation. Voltage ripple and
current ripple will be evaluated by electrical simulation. And
volume will be obtained from the created lookup tables.

To build the magnetic simulation, the features of inductor
core (number of turns N, core geometry OD, ID, H, Ae,
inductor volume Vol;, and magnetic properties i, Bsa) can be
obtained from Lookup Table I.

In addition, to build the electrical simulation, parasitic
parameters R; of inductor, and ESR and ESL of capacitor are
required. With Lookup Table I for inductors, the equivalent
resistance of inductor R; can be computed with (3), where r is
the resistance of wire per unit length. With Lookup Table II
for capacitors, the equivalent series resistance ESR and the
equivalent series inductance ESL of capacitor can be
computed with (4) and (5) [34], respectively, where tand and
kesi are the dissipation factor and ESL factor, both of which are
obtained with the capacitor database.

R =N-(OD—ID+2H)-r 3)
tan o
ESR =
27/ C @
ESL =1k /C 5)

Magnetic simulation tool, Ansys, is used to evaluate
magnetic core loss P; 1 r.. With necessary features of inductor
core provided by Lookup Table I, magnetic simulation models
can be built to evaluate P; 1 r. of all the selected combinations
of f,, L, C.

Electrical simulation tool, LTspice, is utilized to evaluate
electrical losses, voltage ripple and current ripple. With the
Spice model of power switches provided by the manufacturer,
LTspice can evaluate the losses of high-side switch P; 5 and
low-side switch P; s, in which the switching and conduction
losses are included. Besides, with the essential parasitic
parameters obtained, electrical simulation by LTspice can also
evaluate the inductor copper loss P; ;. cu, capacitor loss P; c.
Moreover, voltage and current ripples AV,%, Al;% of all the
combinations of f;, L, C are also evaluated with LTspice to
generate training data for BN-NN.

In this process, programming language, such as Python, can
be adopted to automatize the running of simulations through
proper interfaces of the simulation tools. Consequently, the
programming language can automatically adjust parameters,
conduct running of simulations and collect performance data.

(¢) Step 3: Build Data-Driven Models of Power Losses and
Ripples via BN-NN

After implementation of simulations in Step 2 of Stage 3,
the losses of switch, inductor losses, capacitor loss and voltage
and current ripples of all the combinations of f;, L, C have
been assessed. With these limited performance data, BN-NN
will be trained so that the performance of any possible designs
can be evaluated.

As introduced in Section II-B (a), BN-NN in Fig. 3 which is
good at avoiding over-fitting problem is specially adopted.

The adopted BN-NN includes three types of layers: scalarization
layer, hidden layers, and output layer.

In the AI-D approach for the parameter design of power
converters, the first scalarization layer aims to rescale the
magnitude of design parameters f;, L, C within the range of [0,
1]. For instance, originally, f; is more than tens of kilohertz,
while L is smaller than millihenry. They will be both rescaled
into [0, 1] for unbiased BN-NN training.

There is assumed to exist A hidden layers, and each hidden
layer includes N, neurons. Every hidden layer contains a fully
connected layer followed by a batch-normalization layer. The
batch-normalization layer aims to avoid the over-fitting
problem, which can seriously deteriorate the NN accuracy.

The last layer is the output layer, and the outputs include
losses P; s1, Pi 52, Pr 1 cus PiL Fe, P1 candripples AV,%, AlL%.
The complete structure of BN-NN is given in Fig. 10.

Data-Driven Modeling of Power Losses & Ripples via BN-NN

A IL c -
Losses of /;‘ 1Y Jei®
g 9 . Switch ¢ X @ [P
calarization Layer
m— f
Inductor /s7] . O P cu
: —Fully Connected Layer— ‘ - é_ %} P L ke

-— Batch-Normalization —

I~ = ﬁid_dgnia;e?s_ T Capacitoré: YN
. 1C
| H layers, N, neurons per layer | Loss (¢4 -
[ Output Layer ]

. Vi YA JNA%
‘ Ripples Ié: %; Lagon

Fig. 10. Data-driven modeling of power losses and ripples via BN-NN.

The performance data of power losses and ripples which are
offered by simulations of all the selected NiXNyxN3
combinations are divided into training (70%), validating (15%)
and testing (15%) sets, which are used to train BN-NN, to
select structure of BN-NN (N, H), and to test BN-NN in new
unseen designs, respectively. With the training and validating
sets, different options of N, and H are tried, among them the
particular N, and H that reach the least error on the validating
set are the selected BN-NN structure.

Until here, the automatic analysis and deduction process has
been finished.

D. Stage 4: Search for Optimal Design Parameters f;", L", C*
via Genetic Algorithm

To achieve optimal parameter design for power converters,
GA is utilized in this stage to find optimal design parameters f;,
L, C with design constraints in volume, and current and voltage
ripples. The optimization problem is expressed with (6).

min (B + 8B o +F o+ Pkt h )

subjectto: Vol +Vol. <Vol,,, ©6)
AV, % < (AV, %),
AL % < (AI,%),,,.

The detailed flowchart of GA in solving (6) and searching
for the globally optimal £;*, L*, C* is shown in Fig. 11, and
briefly illustrated as follows. The fitness value of the i
individual F; is computed with (7a), where O; is the "
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objective value as expressed in (7b), Ouar and O, are the
maximum and minimum of O; for all individuals, and £ is a
small constant. In (7b), P; . is the total power loss, which is
shown in (7c¢).

Limits of Design Parameters f, L, C
15 € fmins fax] Continuous
L € Lookup Table I, [Ln, Liax] Discrete
C € Lookup Table I, [C,s, Cpax] Discrete

[ Initialize Population |

, (foars Lar, Can) L

Compute Fitness of Population

(fa, L1, Cy),
12: A JEiZ
e P2
VYA 1R
lé: :; P 1 Fe

Compute Py 1, Py, Prpcus Prires
Pre. AV.% , AL%

| Obtain Vol; , Vol- with Lookup Tables |
| Compute Fitness with (7a) |

/i 7 Fitness Values:

L+ :>_PLC Fy, o Fy ﬂ b‘w
o] — 1

| JL Parents
- % } _A;/‘(’;A’ Generate New Population ‘m
C rALY with Crossover, Mutation
BN-NN-Based Data- 4 New (fa, fl, %) BRI

Driven Models of 1%

Losses and Ripples No

Yes IT

| Best Efficiency 7, Optimal £;, L™, C* |
Fig. 11. Flowchart of GA in searching for the globally optimal £;", L", C".
o_ -0

= max L.
1 Omax - Omin é (73)

Vol
0=pr m,+max[o, ° 1}
- Ol

AV % Al % (70)
+max| 0,——2" 1 |+max| 0,—L> 1
(AV, %)y, (Al %)y,
P/Jot :P/751 +P[752+F;7L7Cu +P/7L7Fe+1:;76 (7¢)

To restrict the volume and ripples of the designed converters,
the objective value O; in (7b) has introduced penalty terms such
as “max(0, Vol/Volin- 1)”, so that the negative effects of these
constraints being exceeded are considered.

Till now, the optimization process has been finished with
the assistance of GA. Thus, all stages of the proposed Al-
based design approach have completed, and the optimal
synchronous Buck converter with satisfactory comprehensive
performance has been designed.

IV. DESIGN CASE OF THE PROPOSED AI-D APPROACH TO
DESIGN AN EFFICIENCY-OPTIMAL SYNCHRONOUS BUCK
CONVERTER IN EV

With the proposed AI-D approach elaborated in Section III,
an efficiency-optimal synchronous Buck converter applied in
48 V to 12 V accessory-load power supply system of EV [31]
is designed. The design case is illustrated below stage by stage.

A. Determine Design Specifications

In Stage 1, design conditions and requirements of the
synchronous Buck converter applied in 48 V to 12 V
accessory-load power supply system of EV are specified, as
listed in Table I. Rated power P, is selected as 100 W for the
accessory loads in the EV power supply system [32], [35].

TABLE I. DESIGN SPECIFICATIONS
Operating Specifications

Topology Synchronous Buck , v, 12V
Vin 48V \ P, 100 W
Power Switches
Switches IRFB4310PbF, Infineon : Dead time 200 ns
Rosion 5.6 mQ : Voss 100V
Output LC Filter
Inductor cores Toroidal TAF-200 series
Inductor wire UEFN/U Imm

Capacitors 25 V Nippon KZE series
Design Parameters
Switching frequency f; Inductance L

Limits of Design Parameters

Capacitance C

I Jonin =20 kHZ; finer = 200 kHz
L Lyin =30 uH; Ly =2 mH
c Coin = 20 UF; Cor = 1000 uF

Design Constraints

Volume Vol < Vol =17 cm’
Voltage ripple AV,% < (AV,%)iim = 1%
Current ripple AL % < (ALL%)iim = 10%

When the limits of design parameters are determined,
switching frequency f; is selected within the suitable range [20
kHz, 200 kHz] according to [36], [37]. As determined by the
range of f;, the ranges of L and C are chosen from several tens
of uH, uF to mH, mF, where the selection of upper limits Lyax
and Cia is out of cost and power density perspectives [25],
and the selection of lower limits L, and C,: considers
filtering performance [8]. If a specific application requires
different ranges of f;, L and C from the given ranges in this
design case, the proposed AI-D approach can still be applied
with no changes in any steps.

In terms of power switch selection, Infineon IRFB4310PbF
is chosen with the considerations of smaller drain-source on-
resistance and suitable drain-source breakdown voltage under
the given operating specifications. The proposed AI-D
approach is still applicable if other power switches are
considered. It should be noticed that the simulations built in
Stage 3 need to adopt the models of the used power switches.

B.  Create Lookup Tables for Inductors and Capacitors

In Stage 2, lookup tables for inductors and capacitors are
created. In this design case, four toroidal cores (T80-75-200,
T106-75-200, T131-75-200, T150-75-200) are adopted from
TAF-200 series. By following the flowchart in Fig. 7, Lookup
Table 1 for inductors is created, as shown in Fig. 12 and Fig. 13,
in which the fill factor K, of inductor core is kept below 0.35 for
easy manufacture [38]. Fig. 12 provides the information about the
practical features of the selected cores, and Fig. 13 shows the
possible discrete values of L and corresponding core selections.

4 Lookup Table I for Inductors: Features of Selected Cores N

T80-75-200 T106-75-200 T131-75-200 T150-75-200
OD 202mm ||OD 269mm ||OD 33 mm OD 384 mm
ID 126 mm (||/D 145mm [||/D 163 mm [|/D 21.5mm
H 6.35mm ||| H 11.1 mm |H 11.1 mm [||H 11.1 mm
de 241 mn?’ |[[de 68.8 mm’ ||de 92.7 mm’ ||4e  93.8 mm’

Vol, 2.04cm’® ||Vol, 6.31cm® ||Vol, 9.49 cm® ||Vol, 12.9 cm®

A, 46 AL 93 A, 116 A, 96
e S0 Nuax core 14 Wz g B Nuax core 162
Liax core 144uH ([ Liax core SO9H (| Liar core 10034H [ Loy core2519uH | L
Lo 44 509,H T003uH Lo
/* 144uH, 509uH, ... are the reachable maximum inductance
\_ of each core L, core, as computed by 0.35 fill factor */ Y,

Fig. 12. Lookup Table I for inductors: features of the selected cores.
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TABLE II. MEAN-SQUARE-ERROR OF THE COMPARED REGRESSION METHODS

A Lookup Table I for Inductors: Discrete Values of L

1800uH i |
1 » Reachable L of T131-75-200,
1400uH | Lo Reachable L of T106-75-2001
i__ Reachable L of T80-75-200 " T150-75-200
1000uH
600uH |
200uH F

1y
40 60 80 100 120 160
Fig. 13. Lookup Table I for inductors: discrete values of L.

(~ Lookup Table II for Capacitors: Features of Selected Capacitors
Dissipation factor tano : 0.14 ESL factor ke : 4.389x10™"!

C] Cz C3 C4 CS C6
(Capacitors 27uF  47uF  56uF  100uF  220uF 330uF eee
Vol (cm’®) 0.137 0.216 0.218 0.343 0.578 0.754

Fig. 14. Lookup Table II for capacitors: features of selected capacitors.
Lookup Table II for Capacitors: Discrete Values of C

Single ."
o I I - |

Fig. 15. Lookup Table II for capacitors: discrete values of C.

Afterwards, with the maximum number of capacitors for
parallel and serial connections MP selected as 5, according to
the flowchart in Fig. 8, Lookup Table II for capacitors is created
as shown in Fig. 14 and Fig. 15. Fig. 14 shows the features of
selected capacitors, and Fig. 15 describes the possible discrete
values of C considering parallel and serial connections.

C. Build Data-Driven Models for Power Losses and Ripples

In Stage 3, data-driven models for power losses and ripples
with BN-NN are built by following Fig. 9, and the detailed
three steps of Stage 3 are illustrated as follows.

* In Step 1, within the range of f;, L and C defined in Table I,
Ni, N> and Ns in Fig. 9 are set as 20, 20 and 20, respectively,
and thus 20x%20x20=8000 number of combinations of
design parameters in total are generated.

* In Step 2, magnetic simulation model in Ansys and electrical
simulation model in LTspice are built. Simulations are
conducted to evaluate the power losses and ripples of all
8000 combinations, which serve as training data for BN-NN.

* In Step 3, four BN-NN are built: BN-NN for losses of switch
(P1 51, P1s2) includes 3 hidden layers and 10 neurons per
layer; BN-NN for inductor losses (Pir cu, P11 re) has 3
hidden layers and 20 neurons per layer; BN-NN for
capacitor loss P; ¢ incorporates 2 hidden layers, each of
which has 10 neurons; BN-NN for ripples (AV,%, Al;%)
contains 2 hidden layers, and each layer has 10 neurons.

To reflect the higher generalization accuracy of BN-NN,
several Al-based regression techniques (ridge regression,
support vector regression, Bayesian regression, deep NN via
Matlab Toolbox) are compared with, and the learning target is
the power loss of the high-side switch P; ;i as an example. As
shown in Table II, among all the techniques compared, the
proposed BN-NN in Fig. 10 manifests the smallest error on all
the datasets, indicating the highest generalization accuracy.

Training Set ~ Validating Set Testing Set
Ridge regression 0.719 0.689 0.712
Support vector regression 0.472 0.441 0.433
Bayesian regression 0.310 0.315 0.294
NN via Matlab toolbox 0.084 0.085 0.076
Proposed BN-NN 0.022 0.018 0.025

D. Search for Optimal f;", L", C" via GA

In Stage 4, globally optimal £;*, L*, C" are found with GA in
Fig. 11. With the trained data-driven models with BN-NN for
power losses and ripples and Lookup Table I and II for
volume, the optimal £;*, L*, C" are searched. f;" is searched
within the continuous space [fumin, fmax], L 1S chosen from
Lookup Table I which lies within [ L, Lmax], and discrete C is
chosen from Lookup Table II which lies within [ Ciin, Cinax]-

The finalized optimal design results of £*, L" and C* are
36.6 kHz, 281.3 4H and 112 uF, respectively. They provide an
optimal efficiency 7" at 93.85%,

The reason why £;* is optimized to 36.6 kHz is related with
the predetermined volume constraint Volj,. If high power
density is expected and Vol;, is set at a smaller value
compared with the one set in this design case, the optimized f;*
may reach a bigger value. But in this situation, the efficiency
will decrease due to the increase of switching and core losses.
TABLE III. DESIGNED CONVERTER IN THE48 V TO 12 V ACCESSORY-LOAD

POWER SUPPLY SYSTEM OF EV vIA THE PROPOSED AI-D APPROACH

Designed Efficiency-Optimal Synchronous Buck Converter in EV

Topology Synchronous Buck
Switch IRFB4310PbF, Infineon
1 36.6 kHz
L 281.3uH, core T106-75-200, wire UEFN/U Imm, number of turns 55
C 112 uF, 2 number of 56 uF of 25 V Nippon KZE in parallel

TABLE IV. THEORETICAL PERFORMANCE OF THE DESIGNED
SYNCHRONOUS BUCK CONVERTER
Theoretical Performance of Designed Converter

Efficiency n 93.85%
Volume Vol +Volc 6.746 cm?
Ripples AV,% and A% AV,% = 0.573%; AlL% =9.7%

The design results for the efficiency-optimal synchronous
Buck converter in the 48 V to 12 V accessory-load power
supply system of EV via the proposed AI-D approach are
summarized in Table IIl. The theoretical performance of the
designed converter is listed in Table IV.

E.  Average CPU Execution Time for Applying the Proposed
AI-D Approach in the Design Case

TABLE V. AVERAGE CPU EXECUTION TIME OF AI-D APPROACH

Stages in AI-D Average CPU Execution Time

Stage 2 Total 0.232 seconds
Stage 3: Step 1 Total 0.074 seconds
Total 2 days and 4 hours to run the required
simulations using four CPU cores
1 minute 13.4 seconds to train all NNs
Total 24.38 seconds

Stage 3: Step 2

Stage 3: Step 3
Stage 4

To provide insights of the computational time required to
implement the proposed AI-D approach, under the computer
platform with Intel Xeon CPU E5-1630 @ 3.7 GHz, 16 GB
RAM, and Windows 10 operating system, the average CPU
execution time of the proposed AI-D approach applied in the
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design case is given in Table V. Based on Table V, most of the
computational time and resources are spent on running
simulations to collect power loss and ripple performance data,
while the CPU execution time of other stages is neglectable.

V. EXPERIMENTAL VERIFICATION

In this section, to further verify the designed synchronous
Buck converter in Table III for the 48 V to 12 V accessory-
load power supply system of EV, a prototype has been built
and hardware experiments have been conducted. The
hardware platform is shown in Fig. 16.

A. Steady-State Waveforms of the Designed Optimally
Efficient Synchronous Buck Converter

Under the rated conditions given by Table I, the waveforms of
the designed converter in steady state are shown in Fig. 17, where
the notation and dlrectlon of waveforms are indicated in Fig. 4.

Driver power supply

DC | power supply

Samplmg \ T Main c1rcu1t
board S

Fig. 16. The hardware platform of the designed DC-DC converter.

Vo [200 mV / div]

Vi [20 V7 div] |
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©
Fig. 17. Steady-state waveforms of the designed efficiency-optimal converter: (a)
Vins Vo by (b) zoom-in view of v,; () vy, i, ic.

B. Experimental Efficiency of the Designed Converter

(a) Validation of the Optimal Efficiency of the Designed
Synchronous Buck Converter when f;, L, C are Varying

To verify that the designed converter reaches an optimal
efficiency, the following experiments are implemented. The
switching frequency f; varies around the optimal frequency f;",
as shown in Fig. 18 (a), where the efficiency reaches the
highest at the designed optimal f;". In addition, when L varies
around the optimal L*, as shown in Fig. 18 (b), the values
smaller than L" should be avoided because they fail to meet
the required 10% current ripple constraint in equation (6),
even though they achieve higher efficiency. Among the L
values no smaller than L, the selected value L* displays best
efficiency, so the optimal efficiency under given constraints is

still achieved at the designed optimal L". Besides, as shown in
Fig. 18 (c), C varies within [81uF, 168uF], and the results
verify that the optimal efficiency at the designed C* is
achieved. Consequently, based on Fig. 18 (a) to (c), the
designed synchronous Buck converter applied in EV enjoys
the optimal efficiency.

aEfficiency 5

BN e M ]

85%} £
o/ L
3% L Efficiency is highest at f;” ]
65%f 1%
0.8, 0.9% A L1f 121
(a)
A Efficiency A Efficiency 5
95% I—-—I——‘_.“._- 95% -— * ——
85% . . * 85% *
° 7 is optimal at L ’ Efficiency is highest at C
75% For L<L’, current ripples 75%
65% not satisfied, > 10% 65% c
230uH  270uH L™ 310uH 350,uH> L 81uF 100uF C" 135uF 168u
(b) (0)

Fig. 18. Validation of the optimal efficiency of the designed synchronous Buck
converter: (a) f; varies within [0.8f.", 1.2£,]; (b) L varies within [230xH, 350uH]; (c)
C varies within [81uF, 168uF].

(b) Efficiency Comparison of Designed Synchronous Buck
Converters via the Proposed AI-D Approach, the CAO
Approach and the Conventional Approach

To validate the superiority of the proposed AI-D approach,
the conventional approach [34] and a CAO approach [8] are
compared with it. Conventionally, voltage and current ripple
constraints are used to determine the values of L and C [34],
which are computed with (8), where V,, L, fs, (AVo%)im and
(AI:%)iim are given in Table I. And the computed L and C are
listed in Table VI. As detailly discussed in [8], the compared
CAO approach manually analyzes and deduces the
expressions of total power loss, and then optimizes the power
loss expressions for optimally efficient synchronous Buck
converter. The designed L and C via the compared CAO are
shown in Table VII.

__(1-D)7,
- 1 '(AIL%)Hm A, (a)
:(ﬂ+4tan§)-(AI %) ,'Io (8b)

8rf. -V,

TABLE VI. CONVENTIONALLY DESIGNED SYNCHRONOUS BUCK CONVERTER
Conventionally Designed Synchronous Buck Converter

L (AV, %)

lim

ki 20 kHz
L 540uH, core T135-75-200, wire UEFN/U 1mm, number of turns 68
C 56 uF, single 56 uF of 25 V Nippon KZE

TABLE VII. CAO-DESIGNED SYNCHRONOUS BUCK CONVERTER
CAO-Designed Synchronous Buck Converter

ki 36.6 kHz
L 334.8uH, core T106-75-200, wire UEFN/U Imm, number of turns 60
C 94 uF, 2 number of 47 uF of 25 V Nippon KZE in parallel

The comparison of experimental efficiency is shown in Fig.
19. Obviously, the designed converter via the proposed Al-D
approach achieves the highest efficiency compared with the
conventionally designed one and the one with CAO approach
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under different load levels. The peak efficiency of the AI-D
designed converter in Table III reaches 93.68%, while the peak
efficiency of the conventionally designed converter in Table VI
is only 90.16%. Compared with the 92.46% achieved by the
design via CAO in Table VII, the efficiency of the design via
the proposed AI-D is 1.22% higher.

AEfficiency n

95%F

85%} Peak efficiency 93.68%

Peak efficiency 92.46%
AS
5% Peak efficiency 90.59%
Proposed CAutoD -
CAO in Ref. [8] —v
Conventional -e— P
0W . 40W 60w SOW 100w
Fig. 19. Experimental efficiency comparison of designed converters via the
proposed AI-D approach, the CAO approach and the conventional approach.

65%}

>

C. Experimental Volume and Ripples of the Designed Converter

In terms of the volume of the designed converter via AI-D
approach, the volume of inductor and capacitor is measured as
6.9 cm’, which meets the volume constraint of 7 cm?.

As for the experimental ripples, based on Fig. 17, the
experimental voltage ripple AV,% and current ripple Al;% are
0.583% and 9.6%, respectively, both of which meet the
corresponding constraints at 1% and 10%.

D. Comparison between the Experimental and Theoretical
Efficiency, Volume and Ripples of the Designed Converter

g4oAEfficiency T 1% 7 Yol +Volc (em®) Error: 2.30%
93.85% 8% 5
92% 3
0, 1
0% Theoretica Experimental eoretical Experimental
(a) (b)
AV, % 75%! AL% Error: 1.03%!
0.6%| rw2 54 10% i
0.4% i A
<540 6%
0,
0.2%] 2
eoretical Experimental Theoretical EXxperimental
© d

Fig. 20. Comparison between the experimental and theoretical performance: (a)
efficiency #; (b) volume Volc+Voly; (c) voltage ripple AV, %; (d) current ripple Al %.

In this part, the experimental power losses, volume and
ripples are compared with the theoretical performance in
Table IV. As shown in Fig. 20, the experimental performance
is almost the same as those in theory, and the average error is
only 1.31%. This proves the feasibility and high accuracy of
the proposed AI-D approach thanks to the specially adopted
BN-NN in analysis and deduction process and the adopted GA
in optimization process.

VI. CONCLUSION

An artificial-intelligence-based design (AI-D) approach is
proposed in this paper for the parameter design of power
converters. This proposed AI-D approach is able to conduct

the analysis and deduction process and the optimization
process in an automatic fashion. It provides two outstanding
advantages: Firstly, it greatly relieves the work burden for
engineers and realizes a fast and easy-implemented design
process; Secondly, high design accuracy can also be ensured
because of the mitigated human-dependence.

In the proposed AI-D approach, to achieve automation in the
analysis and deduction process, simulation tools and batch-
normalization neural network (BN-NN) are adopted to build data-
driven models for the optimization objectives and design
constraints. The specially utilized BN-NN is beneficial for design
accuracy because it is good at avoiding over-fitting problem.
Besides, to achieve automation in the optimization process,
genetic algorithm is used to search for optimal design results.

The proposed AI-D approach is validated in the parameter
design of an efficiency-oriented synchronous Buck converter
in the 48 V to 12 V accessory-load supply system in EV. And
hardware experiments have validated the feasibility and high
accuracy of the proposed AI-D approach.
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