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Abstract. This study introduces a surrogate model-based optimization methodology to explore a wide
design space of power module packages for achieving user-defined electromagnetic design
objectives, such as minimizing commutation loop stray inductance, gate loop stray inductance and
balancing mutual inductance. A half-bridge module with four parallel SiC devices per switch position
is analyzed, incorporating 17 design variables across terminals and substrate dimensions. Using Sobol
sampling, 4096 design variations were simulated in Ansys Q3D to train the surrogate model, enabling
efficient gradient-based single- and multi-objective optimization. Results show that the proposed
methodology significantly accelerates exploration in a wide design space and outperforms traditional
expert-driven methods by identifying superior electromagnetic performance.

Introduction

The advancement in transportation, such as electric vehicles, has increased the demand for silicon
carbide (SiC) power modules due to their superior switching loss, speed, and current density over
silicon modules. However, managing parasitic elements in SiC power module design is crucial due
to the high di/dt and dv/dt feature and often challenging due to compact packages [1]. Expert-based
iterative design can only cover a limited design space and may result in a local optimum as it is a
time-consuming manual process. Recent research has focused on automatic layout design methods
which are, however, limited in the number of design variables to achieve desired performance [2-5].

Methodology

Study Case of SiC Module and Design Variables. A half-bridge power module with four parallel-
connected SiC devices at both high-side (HS) and low-side (LS) switch positions is investigated with
a total number of 17 design variables. Without losing generality of the proposed methodology, the
selected design variables determine three common structures of any power modules, that is, main
terminals, auxiliary emitter terminals and thickness of substrates. Specifically, as shown in Fig.1a,
for three main terminals (AC, DC+ and DC-), their width (w), length (/), thickness () and distance
w.r.t. the connected metal plate (p) are selected as design variables. For the auxiliary emitter
terminals, their positions (x, y) and height (%) are selected (see Fig. 1b). Besides, the thickness of
substrates (d) and distance between source of chips and the metal plate (s) are selected.
The workflow of the proposed surrogate model-based optimization includes three stages.

Stage 1: Preparation of Training Database. The first stage prepares a training dataset, which should
cover a variety of electromagnetic behaviors. The dataset includes the design geometry of power
modules and its electromagnetic features. For the case study, 4096 design variations of this power
module are evaluated in Ansys Q3D [6], where the input is the 17 design variables, and the output is
the evaluated parasitic inductances: stray inductance of the commutation loop (Ls), stray inductance
of the gate signal loop (Lg) and the mutual coupling between commutation loop and signal loop (M).
The design variables are sampled by the Sobol sequence algorithm to achieve randomness in a large
design space. The parametric simulations in Ansys Q3D were carried out at 1 MHz and the resulting
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inductance matrices were exported by a Python client library that interacts with Ansys (PyAEDT).
The simulation took around 125 hours for 4096 design variations. All evaluated parasitic inductances
are used to create the training database for the surrogate model. The dataset was randomly split into
90% training and 10% testing. Model performance was evaluated using mean squared error on the
test set at each epoch.
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Fig. 1. Main design parameters to determine the optimal dimensions and locations of the main
terminals (a), and the location and length of the auxiliary emitter terminal of a power module (b).

Stage 2: Build-up Surrogate Model. In the second stage, a surrogate model is trained using either
an Attention Network or Gaussian Process regressor, both taking 17 design variables as inputs and
predicting parasitic inductances (Ls, Lg, and M). The trained surrogate model is capable of evaluating
a single power module design within milliseconds (typical 3 ms), whereas Ansys Q3D typically
requires approximately 30 mins for the same assessment. Thus, the computational cost reduction
achieved by the surrogate model compared to full electromagnetic simulations is 99.99983%.
Additionally, the surrogate model delivers rapid evaluations with predictions of parasitic inductance
that closely align with those produced by Ansys Q3D. The prediction errors between the surrogate
model and Ansys Q3D results are below 0.01%. One example of the comparison of the surrogate
model with Ansys is shown in Fig. 2.
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Fig. 2. Comparison of EM features per chip: (a) gate inductance, (b) stray inductance, (c) mutual
coupling between commutation loop and gate signal loop.

Stage 3: Optimization of Power Module. In the last stage, the trained surrogate model is used to
optimize the power module by adopting a flexible gradient-based optimization. In general, the target
is to minimize stray inductance and mutual coupling and to reduce the variation of these EM features
among chips on the same side. To this end, an objective function is formulated as a weighted
combination of EM features (Ls, Lg and M) for both HS and LS, and deviations between chips on the
same side. Specifically, the objective function can be described as:
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F =X wif; + Zwjhf;. (1

where, fl € {LZS , LZS , LI;S , Lg’ S, W, W}, and Af; being its variance over different chips, and w;, w;
are the corresponding weights specified by the user.

Since the surrogate model is a differentiable map between design variables and EM features, the
gradient-based optimization is suitable for this optimization. The optimization process starts with a
randomly selected initial feasible configuration, then the algorithm optimizes the 17 design variables
to minimize the objective function F following its gradient. The optimization follows the geometry
constraints which are formulated as dependence among design variables.

Results and Discussion

Here we show three test cases. The first two test cases target at optimizing a single EM feature and

the last case shows the capability of the surrogate model to explore a large design space to optimize
multiple objects simultaneously.
Single-Objective Optimization for Gate Inductance. The goal of this test case is to minimize the
gate inductance, which is reflected in the objective function f € {L5S, IL*}. The optimization process
firstly creates a population of random initial configurations as starting points. During the optimization
iterations, the algorithm leads towards optimal design to minimize the gate inductance. The
illustration of several optimization iterations in one configuration depicted in Fig. 3, in terms of the
position of the auxiliary emitter terminal (blue dot) with respect to the gate terminal (circle). The
leftmost figures show the initial position of the auxiliary emitter terminal for a feasible configuration
of the power module. During each iteration, the auxiliary emitter terminals are moved into the
direction that decreases the objective function, therefore reducing the gate inductance. The rightmost
figures display the optimal positions of auxiliary emitter terminals determined by the optimization
process to minimize the gate inductance.
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Fig. 3. This figure depicts the optimization process undertaken to reduce gate inductance, illustrating
the topside interconnects of HS (a-d) and LS (e-h). The process is repeated at intervals of 1000 cycles
from (a) to (d), and from (e) to (h). Blue dots indicate the locations of auxiliary emitter terminals,
while circles denote the positions of gate terminals. The optimization procedure achieves minimized
gate inductance by relocating the auxiliary emitter terminals in proximity to the gate terminal.

A population of random initial configurations is generated by the Sobol sequence algorithm as starting
points (see blue dots in Fig. 4a-b). The optimal locations (red cross marks in Fig. 4a-b) for minimized
gate inductance for these configurations are determined using the same gradient-based optimization
as in Fig. 3. The red traces show the trajectories of auxiliary emitter terminals throughout the
optimization process. The results indicate that the optimal designs are located near the gate terminal
positions, which demonstrates that shorter gate loops yield smaller gate inductance. To further
examine this, a parametric Ansys Q3D simulation is conducted, where only the position of auxiliary
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emitter terminal is varied uniformly on the topside interconnects (see Fig. 4c-d). The simulation
results validate the conclusion that the minimum gate inductance can be achieved when the auxiliary
emitter terminal is positioned close to the gate terminal.
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Fig. 4. Optimization of gate inductance based on our surrogate model for (a) LS and (b) HS, and the
validation in Ansys Q3D parametric simulation for (¢) LS and (d) HS.

Single-Objective Optimization for Mutual Coupling. The goal of this test case is to minimize the
maximum mutual coupling among chips on each side, which is reflected in the objective function as
fe {W W} Similar to the first test case, the optimization process creates a population of random
initial configurations as starting point (see blue circles in Fig. 5a-b), and the optimal locations (see
red cross marks in Fig. 5a-b) are determined by the gradient-based optimization. The red traces
indicate the trajectories of auxiliary emitter terminal during the optimization process. The
determination of the optimal position of auxiliary emitter terminals depends on the analysis of both
the trajectories and final positions in red cross marks. For the LS, the trajectories for most samples
end up in the bottom left corner. Some trajectories end up around the gate terminal because the penalty
of violation of geometry constraints is set so high that the optimization process is terminated. Thus,
the optimal position to obtain negative mutual coupling is in the bottom left corner on the topside
interconnects for the LS auxiliary emitter terminal. Similarly, for the HS auxiliary emitter terminal,
the optimal designs are clustered in the bottom right corner. Some trajectories terminated around the
gate terminal due to the same reason as LS. To validate the surrogate model results, the parametric
simulations in Ansys are performed as shown in Fig. 5 c-f, and the distribution of the mutual
inductance validates the conclusion of the surrogate model.

Multi-Objective Optimization. The proposed optimization framework allows multiple objectives to
be included in the objective function. Optimization of various EM features can occur concurrently by
assigning specific weights to each feature within the objective function. By increasing the number of
combinations of weights, a large design space can be efficiently treated by the surrogate model.

For instance, Fig. 6 shows the Pareto plot of the optimization for two EM features: gate inductance
and mutual coupling (i.e., in the objective function, f; € {LIS, LS, MHS, MIS}), where distinct weight
combinations are represented by differently colored circles. To demonstrate the breadth of the design
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space, previous designs from Ansys parametric simulations, which consider only two parameters
(location of auxiliary emitter terminal (x, y)), are shown together with the results of the surrogate
model. The designs in Ansys are depicted as black cross, and the black curve indicates the Pareto
front derived from these designs. By exploring a larger design space, the surrogate model-based
optimization achieves an expanded Pareto front (blue cure in Fig. 6), indicating a better
electromagnetic performance can be achieved compared to the expert-based iterative design.
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Fig. 5. Optimization of mutual coupling based on our surrogate model for (a) LS and (b) HS, and the
validation in Ansys Q3D parametric simulation for (c¢) LS and (d) HS.
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Fig. 6. Pareto-front of two objectives (gate inductance Lg, maximum mutual coupling inductance M)
for (a) HS chips and (b) LS chips, obtained by the surrogate-model based optimization and expert-
based parametric simulation in Ansys.

Summary

A robust surrogate model-based optimization methodology is introduced for exploring power module
design spaces, with the capability to optimize multiple objectives involving several design variables
simultaneously. The surrogate model reduces computational cost by 99.99983% compared to full
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electromagnetic simulations, cutting computation time from 30 minutes to just 3 milliseconds. The
prediction errors between the surrogate model and reference simulation results are below 0.01%. This
approach provides a fast optimization of key electromagnetic parameters and enables efficient
evaluation of large design spaces, which is challenging and time-consuming to discover through
knowledge-based approaches alone. Future work will focus on increasing design variables, extending
the surrogate model to capture frequency-dependent effects and dynamic switching transient.
Additionally, active learning strategies could be studied to reduce the number of high-fidelity
simulations and transfer learning could be applied to adapt the surrogate across different module
topologies.
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