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ABSTRACT The development of SiC and GaN power devices to achieve high-speed switching operations
in power converter circuits is underway. The stray inductance caused by the bus bar geometries between DC
capacitors and power devices influences high-speed switching circuits, such as surge voltages and switching
losses. Therefore, the evaluation of the parasitic parameters is essential in designing power converter circuits.
Currently, parasitic parameters that consider various bus bar geometries are calculated using finite element
analysis (FEA) each time, which requires a large calculation time. This article proposes a prediction proce-
dure for the parasitic parameters that easily and quickly consider complex bus bar geometries by performing
online machine learning of FEA-based datasets. A laminated bus bar with two apertures to connect DC
capacitors or power modules is analyzed, and the parasitic resistance, inductance, and capacitance are
predicted. This article describes how large datasets can be obtained from multiple installments and perform
online machine learning using XGBoost. To discuss the benefits of online machine learning, the prediction
accuracy using test data in multiple machine learning models with different amounts of training data is
compared. The mean relative error (MRE) between the predicted and analyzed values improves from 250%
to 8% when parasitic parameters are predicted in the frequency range of 50 kHz to 100 MHz.

INDEX TERMS Stray inductance, laminated bus bar, finite element analysis, machine learning, parasitic

parameter.

I. INTRODUCTION

Recently, wide-bandgap power devices, such as SiC and GaN
devices, to achieve high-speed and high-frequency switch-
ing operations in power converter circuits have been de-
veloped [1], [2], [3], [4], [5]. Wide-bandgap power devices
enable power converter circuits to reduce switching losses
and volumes at higher switching frequencies compared with
Si-IGBTs [6], [7]. Conversely, stray inductance influences
high-speed switching circuits, such as surge voltages, owing
to the high rate of current change di,;/dt. Furthermore, stray
inductance and capacitance result in oscillations in the switch-
ing waveforms, which are sources of noise [8]. Therefore, the
development of bus bar and power module designs to optimize
parasitic parameters has been investigated extensively [9],
[10], [11], [12], [13]. Reference [14] presents a design pro-
cedure for an acceptable stray inductance in a high-speed
switching circuit, considering the switching period, voltage,

and current rating of the circuit. Additionally, Reference [15]
proposes a design procedure for a laminated bus bar geometry
that optimizes the switching waveform by evaluating surge
voltages, damped oscillations, and switching losses, which
vary according to the parasitic parameters.

Datasheets for power devices and capacitors describe par-
asitic parameters, such as stray inductance; however, the
parasitic parameters of bus bars vary in complexity depend-
ing on their geometries. Therefore, the parasitic parameters
that consider various bus bar geometries should be calculated
using finite element analysis (FEA) for each circuit, which
requires considerable calculation time.

Information technology has recently become more
generalized, and numerous open-source libraries are presently
available. Consequently, machine learning techniques such
as neural networks have been utilized in circuit designs [16],
[17]. However, studies on machine learning models to
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FIGURE 1. Laminated bus bar with two apertures for terminals.

evaluate the parasitic parameters, considering bus bar
geometries have not been conducted.

The authors previously proposed a prediction procedure for
parasitic parameters by performing machine learning consid-
ering simple bus bar structures [18]. However, the actual bus
bar structures used in power converter circuits have complex
topologies, such as bends and terminal holes. Therefore, when
preparing datasets, the number of analysis patterns of complex
bus bar structures in FEA is enormous, making the implemen-
tation of efficient machine learning challenging.

This article proposes a prediction procedure for parasitic
parameters that consider laminated bus bar geometries by
performing online machine learning. By inputting the vari-
ables of the bus bar structure and frequency into the machine
learning model using XGBoost, the three parasitic parameters
(resistance, inductance, and capacitance) are predicted easily
and quickly. After creating a machine learning model, a circuit
designer without the skill and knowledge of FEA can pre-
dict the parasitic parameters provided the bus bar structure is
known. Additionally, the number of analysis datasets required
to create a machine learning model that predicts parasitic
parameters with sufficiently high accuracy can be validated
through online machine learning.

For the target to predict the parasitic parameters, a lami-
nated bus bar with two apertures for the terminals connecting
the DC capacitors and power modules is modeled. In actual
power converter circuits, laminated bus bars with multiple
apertures for terminals are used [19], [20], [21]. A laminated
bus bar with two apertures for the terminals in this article
contains the basic elements of these structures. After perform-
ing online machine learning using the analysis datasets, the
mean relative error (MRE) between the predicted and ana-
lyzed values of the three parasitic resistance, inductance, and
capacitance improves to 5.82%, 4.94%, and 8.41%, respec-
tively, in the frequency range of 50 kHz to 100 MHz.

Il. TARGET BUS BAR STRUCTURE
Fig. 1 shows a model of a laminated bus bar with two apertures
for terminals to connect DC capacitors and power modules.
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TABLE 1. Six Variables of Bus Bar Geometries

Variable Description
l Bus Bar Length
w Bus Bar Width
t Conductor Thickness
h Insulator Thickness
d Aperture Diameter
Distance from Bus Bar
c
Edge to Aperture Center
d Pl
-—
| —— Cu
(Positive Pole)
S '
> —— Glass Epoxy
: -1 Cu
P — (Negative Pole)

FIGURE 2. Cross-section of two apertures for terminals.

This is the target to predict the parasitic parameters. This
model contains the basic elements of a laminated bus bar
with multiple terminal apertures that are used in actual power
converter circuits [19], [20], [21]. The laminated bus bar con-
sists of a 2-layer FR-4 board with an insulating glass epoxy
material laminated with copper foil. Table 1 shows the vari-
ables of bus bar geometries. The bus bar length ¢, width w,
conductor thickness ¢, insulator thickness /4, aperture diameter
d, and distance from the bus bar edge to the aperture center
¢ are defined. To prevent analysis datasets from getting too
large from the FEA, the model in Fig. 1 is simplified, and six
variables £, w, t, h, d, and c of bus bar geometries are defined.
Thus, note that the distance between the two aperture centers
s is fixed at w/2, which varies with w. Fig. 2 shows the cross-
section of the two apertures for the terminals. The apertures
are not penetrated, and the terminals P1 and P2 are set on
the upper conductor (positive pole) and the lower conductor
(negative pole), respectively. Next, the two terminals, P3 and
P4 are set at the bus bar edge and conducted through the
flow P1(+) —-P3(+) —P4(—) —P2(—). Note that the two
terminals, P1 and P2 are assumed to be connected to DC
capacitors, and the two terminals P3 and P4 are assumed to
be connected to power electronic devices in this model. Fig. 3
shows a T-type equivalent circuit of the laminated bus bar. The
parasitic resistance (Ryys), inductance (Lpys), and capacitance
(Cpys) are defined as the three parasitic parameters. The par-
asitic resistance (Ry,s) and inductance (Ly,s) are defined as
follows:

Rous = Ry + Ry (L
Lyus = La + Ly (2)

Lpus (Ly + Lp) influences the surge voltage and oscillation
in the switching waveform, whereas Cpys influences only
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Analysis Analysis Datasets | | Updating The Model |
Variabl Mi M Number of ZPoin(;s
ariable in ax
Analysis Points (6w, d,0)
f 50 kHz 100 MHz 32
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online machine learning in which the machine learning model is
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the oscillation in the switching waveform. Because a T-type
equivalent circuit can easily describe these parasitic param-
eters, it is suitable for evaluating the surge voltage and
oscillations in the switching waveform [15].

IIl. FEA SETUP

Datasets are prepared using FEA to create a machine learn-
ing model. The software used for analysis is ADS (Keysight
Technology). FEA is used to analyze the parasitic parameters
by dividing the model to be analyzed into multiple fine tetra-
hedral meshes. Only the bus bar shown in Fig. 1 is modeled,
and the boundary condition of FEA is open. S-parameters are
output as the format of analysis results by ADS. Therefore, the
conversion from S-parameters to Z-parameters is performed,
and R,, Ry, Ly, Ly, and Cyyg are defined in Fig. 3.

Table 2 shows the variable ranges and the number of anal-
ysis points of frequency f and the six variables of the bus
bar geometries shown in Table 1. The number of analysis
points for each variable in Table 2 is determined as the initial
target value in machine learning. Online machine learning
is expected to optimize these values by considering predic-
tion accuracy and computational cost. Additionally, d and ¢
are the ranges considering the conditions in which the two
apertures do not contact each other or the bus bar edges.
The input values that are equally spaced from the minimum
to the maximum are analyzed by setting the range of vari-
ables and the number of analysis points for each variable.
The number of analysis datasets is 831,616 in the setting of
Table 2. When £ = d, the minimum and maximum values of
c are equal, and the number of analysis points of ¢ is one.
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The preparation of all 831,616 datasets by a one-time
FEA is computationally costly and requires a long waiting
time before machine learning is performed. Therefore, Fig. 4
shows the split acquisition procedure of the analysis datasets
by performing multiple FEA while increasing the number
of analysis points of ¢, w, d, and ¢ from two to nine. As
the number of analysis points of ¢, w, d, and ¢ increases
from two to nine, the number of analysis datasets increases
to 1,920, 9,856, 31,616, 77,952,..., 831,616. This procedure
realizes online machine learning in which a machine learn-
ing model is sequentially created each time the analysis
datasets are acquired. The computational cost of acquiring all
831,616 datasets is divided and machine learning is performed
efficiently.

IV. DESIGN OF MACHINE LEARNING MODEL USING
XGBOOST

Online machine learning is performed to create and update
a machine learning model that predicts the three parasitic
parameters Rypys, Lpus, and Cpys. Fig. 5 shows the algorithm
of Gradient Boosting Decision Tree (GBDT) used for ma-
chine learning to achieve high prediction accuracy. In GBDT,
training datasets must not be pre-processed and it has a fast
training time. XGBoost [22], an open-source software library
in Python, is used to create the machine learning model.
Table 3 shows the variables defined in Fig. 5. In GBDT,
the algorithm is based on the decision tree that predicts the
objective variable y of the training datasets (corresponding to
Rpus, Lbus, and Cpys) by creating conditional branches for the
features x of the training datasets (correspond to f, ¢, w, ¢, h,
d and c). In Fig. 5, M decision trees described in blue graphics
are connected in series and trained such that the error between
the objective variable y and predicted value y is small. Thus,
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FIGURE 5. Algorithm of Gradient Boosting Decision Tree (GBDT) to achieve
high prediction accuracy by decreasing the error between the predicted

values j and objective variable y.

TABLE 3. Definition of Variables in GBDT

=

Variable Description
x Feature (Input Value)
Yy Objective Variable (Correct Value)
] Predicted Value
M Number of Decision Trees
W Weight of Prediction in Each Decision Tree

the weights W,, of the predicted value in each decision tree
are added to increase the accuracy. The weights W, in each
decision tree are trained to decrease as the index increases

from 1 to M.

Fig. 6 shows the cross-validation, an evaluation method for
the machine learning model. The datasets are divided into
training data used to train the model and validation data used
to evaluate the generality of the model. In the cross-validation,
the datasets are divided into four pieces, one of which (25% of
the datasets) is used as the validation data, and the remaining
three pieces (75% of the datasets) are used as the training
data for machine learning. Four machine learning models are
created repeatedly such that all four sets of data become val-
idation data sequentially; the average output of each model
y is used as the predicted value. Multiple training patterns
of the machine learning model are executed, allowing for a
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FIGURE 6. Cross-validation, an evaluation methods to predict the accuracy
of the machine learning model.

TABLE 4. Variable Ranges and Number of Analysis Points of Frequency
and Bus Bar Geometries to Be Analyzed for Test Datasets

Variable Min Max Number of
Analysis Points
f 50 kHz | 100 MHz 32
¢ 80 mm | 140 mm 2
w 80 mm 140 mm 2
¢ 35 um | 175 pm >
h 1.6 mm | 8.0 mm 2
d 0 mm 10 mm 2
¢ 0 mm 30 mm 2

highly accurate prediction of various patterns of input data.
This validation ensures the reliability of the machine learning
model.

Finally, test datasets other than the training datasets are
prepared as true unknown data to evaluate the accuracy and
reliability of the machine learning model. Table 4 shows the
variable ranges of frequency f and the six variables of the
bus bar geometries shown in Table 1 in the test datasets. The
values of d and ¢ in Table 4 are selected as the combinations
that satisfy the constraints in Table 2 and the number of test
datasets is 1,536.
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FIGURE 7. Change in the analysis time of FEA with an increasing number
of analysis points.

TABLE 5. Computer Specification Used for FEA

Specification Description
CPU Core 17-7700K 4.20 GHz
RAM 64.0 GB
300 300
250 250 _
iz
%200 200 é
= =
2 150 150 &
= £
<
100 100 =
50 50
0 0

2 3 4 5 6 7 8 9
Number of Analysis Points

—— Rpus MRE —=— Ry}ys Training Time

FIGURE 8. Change in MRE and training time of Rp,,s with an increasing
number of analysis points.

V. MACHINE LEARNING RESULTS
Fig. 7 shows the change of analysis time for the FEA when the
number of analysis points for £, w, d, and c is increased from
two to nine. Table 5 shows the specifications of the computer
used for the FEA. Notably, the analysis time varies depending
on the computer specifications and model to be analyzed.
When the number of analysis points is two (the number of
analysis datasets is 1,920), the analysis time is 2.90 x 103 s.
In contrast, when the number of analysis points is nine (the
number of analysis datasets is 831,616), the analysis time
is 5.25 x 10° s. As the number of analysis points of ¢, w,
d, and c increases, the analysis time for the FEA increases
exponentially.

Figs. 8-10 show the change in the training time with
XGBoost and the mean relative error (MRE) between the
predicted and analyzed values in the test datasets when the
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300 300
250 1250 _
9 200 200 Qé
— =
2150 150 &
= £
<
100 100 &

50 50
0 0
2 3 4 5 6 7 8 9
Number of Analysis Points
—— Chus MRE —=— (s Training Time

FIGURE 10. Change in MRE and training time of Cp,,s with an increasing
number of analysis points.

number of analysis points for ¢, w, d, and c is increased
from two to nine. When the number of analysis points is
two (the number of analysis datasets is 1,920), the MREs
of the predicted and the analyzed values in Ryys, Lpys, and
Chus are 143%, 28.3%, and 252%, respectively. Conversely,
when the number of analysis points is nine (the number of
analysis datasets is 831,616), the MREs are 5.82%, 4.94%,
and 8.41%, respectively. Fig. 11 shows a detailed comparison
of the predicted and analyzed values in Lpy. In terms of
training time, when the number of analysis points is two (the
number of analysis datasets is 1,920), the training times for
Ruus, Lius, and Cyys are 0.885, 0.915, and 0.919 s, respectively.
In contrast, when the number of analysis points is nine (the
number of analysis datasets is 831,616), the training times are
190 sec., 258 sec., and 187 sec., respectively.

Figs. 7-10 describe that there is a trade-off between the
prediction accuracy and analysis/training time. The result ob-
tained by online machine learning enables the number of
analysis datasets to be optimized by considering the required
prediction accuracy of the three parasitic parameters and the
analysis/training time.
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FIGURE 11. Detailed comparison between the predicted (horizontal axis)
and the analyzed (vertical axis) of Lp,s.

TABLE 6. Size of Bus Bar Geometries for Measurement

Variable Size
l 80 mm

80 mm

35 pm

1.6 mm

QUS|+

10 mm

30 mm

Q

VI. APPLICATION TO ACTUAL BUS BAR

Using the machine learning model, three parasitic parameters
in an actual laminated bus bar with two apertures for termi-
nals are predicted. From the prediction results presented in
Section V, the machine learning model with nine analysis
points for ¢, w, d, and ¢ has the highest accuracy and is
adopted for the prediction of the actual bus bar. Table 6 shows
the values of the six variables that determine the actual bus
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FIGURE 12. Laminated bus bar for measurement using the impedance
analyzer.

FIGURE 13. Measurement environment for Ry,,s and Ly, using the
impedance analyzer.

bar geometries. Fig. 12 shows the actual bus bars fabricated
by processing 2-layer FR-4 boards. Rpys (R, and Rp) and
Lpus (L, and Ly) are measured with the terminals P1 and P2
shorted, and Cpys is measured with the terminals P1 and P2
open from the T-type equivalent circuit shown in Fig. 3. The
frequency characteristics of the three parasitic parameters are
measured using an impedance analyzer (Keysight Technolo-
gies E4990 A). Fig. 13 shows a picture of an environment in
which only Ryys and Ly, are measured, with the terminals P1
and P2 shorted and the terminals P3 and P4 connected to the
impedance analyzer. Copper pieces are bonded at terminals
P3 and P4, as shown in Fig. 12 such that the bus bar can be
connected to the impedance analyzer.

Figs. 14-16 show comparisons of the predicted and the
measured frequency characteristics for the three parasitic
parameters. The frequency characteristics predicted by the
machine learning model are generally consistent with the
measured frequency response for all three parasitic parameters
in the frequency range of 50 kHz to 100 MHz. Particularly,
the increasing trend from low to high frequencies in Ry is
consistent between the predicted and measured values. There-
fore, the machine learning model created by this procedure
can predict the three parasitic parameters in the frequency
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range of 50 kHz to 100 MHz and can be applied to an actual
laminated bus bar.

VIl. DISCUSSION

A. BENEFITS COMPARED WITH CONVENTIONAL FEA

In this procedure, the parasitic parameters can be predicted
easily and quickly by inputting the values of the bus bar
structure and frequency without the FEA, after creating the
machine learning model. In the conventional FEA, time and
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effort are required to set up the analysis software in a com-
plex manner, such as the generation of the meshes and the
definition of boundary conditions. With the machine learning
model, circuit designers with no FEA skill and knowledge can
easily predict the parasitic parameters in bus bars.

B. APPLICATION TO OTHER TYPES OF BUS BARS

The parasitic parameters for other bus bar designs can be
predicted, such as multiple apertures or layers, by further
increasing the number of variables in bus bar geometries than
those in Fig. 1, enriching the patterns of the analysis datasets,
and creating a more generic machine learning model.

C. PREDICTION FOR PARASITIC PARAMETERS OUTSIDE
FREQUENCY RANGE

The machine learning model has a range of applications that
can accurately predict them, which is highly dependent on the
range of training datasets. In other words, the reliability of the
parasitic parameters predicted by the machine learning model
is high within the frequency range of 50 kHz to 100 MHz,
which is set as the training datasets. However, the error be-
tween the predicted and analyzed values can be large outside
the frequency range of 50 kHz to 100 MHz. To accurately
predict the parasitic parameters outside the frequency range
of 50 kHz to 100 MHz, the frequency range set in the training
datasets should be expanded and the machine learning model
should be updated.

D. EVALUATION OF APPLICABILITY OF MACHINE
LEARNING MODEL IN ACTUAL DESIGN

It is evaluated that the machine learning model can be applied
to the actual design using the MRE of the parasitic inductance
Lpys as an example. The MRE of Ly, is 4.94% when the
number of analysis points for £, w, d, and c is nine, as shown
in Fig. 9. The order of magnitude of the analyzed value of
Liys is assumed to be 10 nH from Fig. 11, and the absolute
difference between the predicted and analyzed value is 0.5
nH from the MRE. The switching speed of the SiC-MOSFET
rated at 1,200 V is assumed to be 10 A/ns [23]. Under these
conditions, the absolute difference between the predicted and
analyzed surge voltage is 5 V. This error in the surge voltage
is only 1% of the driving voltage for power converter circuits
driven at 500 V, and the surge voltage can be evaluated as a
negligible error. Therefore, the machine learning model can
be used to evaluate the surge voltage and design laminated
bus bars.

VIIl. CONCLUSION

This article proposed a prediction procedure for parasitic
parameters considering laminated bus bar geometries by per-
forming online machine learning based on analysis datasets.
The three parasitic parameters Rpys, Lpus, and Cpyg can be
predicted in the laminated bus bar by inputting the values of
the bus bar structure and frequency into the machine learning
model.
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The ability to predict the parasitic parameters of a lami-
nated bus bar using machine learning enables the adoption
of measures to suppress the surge voltages and oscillations
in switching waveforms, which are problems in power con-
verter circuits. Additionally, this procedure can be applied to
numerous wiring patterns, including laminated bus bars and
modules, by sequentially increasing the number of different
types of analysis datasets and performing online machine
learning.
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