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Abstract—This article proposes a parameterized 3D thermal
simulation methodology based on physics-informed neural net-
works (PINNs) to achieve rapid design space exploration for power
module thermal design. Leveraging the capability of PINNs to
quickly approximate the solutions to the parameterized partial dif-
ferential equations describing the thermal behavior of power mod-
ules, a thermal field simulation framework for a SiC three-phase
half-bridge power module is developed for parameterized simula-
tions. After a single unsupervised training session, the PINNs-based
model can quickly predict the thermal field distribution results of
the power module for different combinations of input parameters.
The comparison results show that the PINNSs predict results are ap-
proximately consistent with both COMSOL numerical simulations
and experimental measurements in different combination cases.
Moreover, in the task of large design space exploration for param-
eter optimization, the simulation process can be hundreds of times
faster than traditional numerical simulation methods, significantly
reducing the time cost required for thermal simulations.

Index Terms—Thermal simulation, physics-informed neural
networks (PINNs), power module, parameter optimization.

I. INTRODUCTION

HERMAL simulation is crucial for power module ther-
mal design [1]. Traditional numerical simulation software,
such as COMSOL Multiphysics and ANSYS Icepack, typically

Received 18 October 2024; revised 13 January 2025; accepted 24 February
2025. Date of publication 5 March 2025; date of current version 14 April 2025.
This work was supported in part by the National Natural Science Foundation of
China under Grant 52277179 and in part by the Science and Technology Project
of China Southern Power Grid Corporation under Grant GDKJIXM20222074.
Recommended for publication by Associate Editor Y. Zhang. (Corresponding
author: Zhigiang Wang.)

Yayong Yang is with the Institute of Artificial Intelligence, Huazhong Uni-
versity of Science and Technology, Wuhan 430074, China (e-mail: yangyayong
@hust.edu.cn).

Zhigiang Wang, Wubin Kong, Xiaojie Shi, and Run Hu are with the School
of Electrical and Electronic Engineering, Huazhong University of Science
and Technology, Wuhan 430074, China (e-mail: zhigiangwang @hust.edu.cn;
wbkong @hust.edu.cn; xiaojie_shi@hust.edu.cn; hurun@hust.edu.cn).

Yu Liao is with the Electric Power Research Institute of Guangdong Power
Grid Company Ltd., Guangzhou 510030, China (e-mail: liaoyu@gddky.csg.cn).

Yonggang Yao is with the School of Materials Science and Engineering,
Huazhong University of Science and Technology, Wuhan 430074, China (e-mail:
yaoyg @hust.edu.cn).

Color versions of one or more figures in this article are available at
https://doi.org/10.1109/TPEL.2025.3547390.

Digital Object Identifier 10.1109/TPEL.2025.3547390

, Senior Member, IEEE, Yu Liao, Student Member, IEEE,
, Senior Member, IEEE, Run Hu, Member, IEEE,
, Member, IEEE

perform thermal simulations under fixed parameter configura-
tions. Any changes in equation parameters, boundary conditions,
or the shape of the solution domain require adjusting simulation
settings and recalculating to obtain new results. In sensitivity
analysis or parameter optimization tasks, multiple thermal simu-
lations are required for different parameter combinations. When
the exploration space is large, hundreds or even thousands of
thermal simulations may be needed [2]. In such industrial appli-
cation scenarios, traditional numerical simulation methods are
undoubtedly cumbersome and time-consuming [3]. To address
this issue and accelerate thermal design and optimization, there
is an urgent need for more efficient simulation approaches that
can rapidly adapt to varying parameters during large design
space exploration.

Fast thermal simulation methods, such as 3D thermal network
methods, analytical methods, and data-driven approaches, have
been extensively developed to address the slow computation
speeds of traditional finite-element method (FEM) and finite vol-
ume method. When the thermal network model remains largely
unchanged while the power loss model varies, 3D thermal
network approaches can significantly reduce computation time
compared to numerical simulations [4]. However, in scenarios
where the thermal model varies across cases, such as during the
thermal optimization of heat sinks, multiple FEM simulations
are required to extract the thermal resistance and capacitance
parameters for the 3D thermal network model, necessitating a
substantial amount of numerical simulations or experimental
support [5].

Analytical methods are based on the fundamental physical
laws of heat conduction and employ mathematical tools to solve
PDE:s. Fourier transforms and Green function methods are two
common analytical approaches in the thermal simulation of
power modules [6], [7]. Fourier transforms are well-suited for
thermal transfer problems with periodic boundary conditions,
while Green functions efficiently address local heat source tem-
perature responses. These methods achieve extremely high com-
putational efficiency in scenarios with regular geometries and
well-defined boundary conditions. However, their applicability
is limited by geometric complexity and nonlinear conditions,
rendering them unsuitable for directly handling complex struc-
tures and dynamic boundary problems.
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Data-driven methods rely on experimental or simulation data
to establish efficient surrogate models through machine learn-
ing or other statistical techniques, enabling rapid prediction of
nonlinear thermal behaviors in complex scenarios. These ap-
proaches significantly reduce computational costs while main-
taining high accuracy. Data-driven approaches excel in real-time
applications and nonlinear problem-solving but depend heavily
on high-quality data. Compared to traditional numerical meth-
ods, they exhibit limitations in generalization capabilities and
interpretability. A hybrid data-driven and mechanistic modeling
approach for power module rapid thermal analysis is proposed
in [8]. This method improves design efficiency by accelerating
thermal field calculations by 300 times during the design stage.
Its accuracy is validated against FEM and experimental results,
offering a reliable tool for power module design. This method is
developed specifically for thermal modeling in layout optimiza-
tion. Nonetheless, its adaptability to other optimization tasks,
such as thermal optimization, may be constrained.

The limitations of the aforementioned rapid thermal simula-
tion method highlight the necessity of developing a more gen-
eral and efficient simulation framework capable of adapting to
complex geometries and various changing parameter conditions.
As an emerging deep learning-based method that incorporates
physical constraints into machine learning for approximating
solutions to PDEs, PINNs have become a promising solution to
tackle these challenges [9], [10]. Similar to traditional numerical
simulations, PINNs can generate complete field distribution
results across various physical fields, rather than being restricted
to computations at only a few discrete points [11]. By taking con-
tinuous spatial coordinates as the input for the neural networks,
PINNs can generate continuous solutions throughout the entire
domain [12]. However, unlike traditional numerical solvers,
PINNSs leverage neural networks to approximate the solution to
PDEs while incorporating the underlying physical laws directly
into the loss function. This allows PINNs to bypass the need for
predefining grid-based discretization [13]. Moreover, PINNs are
highly adaptable, capable of handling both non-parameterized
and parameterized thermal simulations. In nonparameterized
cases, PINNSs can directly simulate the behavior of thermal fields
without requiring specific input parameters. For parameterized
thermal simulations, PINNs offer a significant advantage by
efficiently handling variations in input parameters and providing
solutions that reflect these changes [14].

PINNs have been extensively applied to approximating solu-
tions to nonparameterized PDEs in fields like fluid dynamics,
heat transfer, solid mechanics, etc. [15]. In fluid dynamics,
the literature [16] introduces a PINNs-based approach for ap-
proximating the solution to the Navier—Stokes (N-S) equations,
enabling the simulation of complex fluid behavior. Building
on this, researchers have developed Navier—Stokes Flow nets,
which utilize PINNs for approximating the incompressible N-S
equations, showing potential in turbulence simulation [17]. In
the field of heat transfer, Cai et al. [11] uses PINNs to address
steady-state heat conduction problems, demonstrating their ef-
fectiveness in complex geometries. Another study employs
PINNSs to simulate heat conduction at the microscale, providing
valuable insights for thermal design in nanotechnology [18]. In
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solid mechanics, a PINNs-based framework for solid mechanics
systems is proposed in [19], successfully predicting structural
responses under applied loads. Additionally, PINNs have been
used to model the nonlinear behavior of elastomers, offering an
innovative approach for designing flexible electronics [20].

Although the use of PINNs for approximating non-
parameterized PDEs has become widespread, there is consid-
erable debate regarding whether PINNs offer faster solutions
compared to traditional methods. This is due to the varying
complexity of the PDEs being solved across different studies,
as well as differences in the computational resources employed.
Consequently, an increasing number of studies are now focus-
ing on leveraging PINNs capability for parametric simulations
in high-dimensional parameter spaces to enhance simulation
efficiency. In [21], PINNs are employed to approximate the
parameterized equations in different fields. By incorporating
parameterized PINNSs, the researchers demonstrate that the pro-
posed approach surpasses baseline methods in terms of both
accuracy and parameter efficiency when applied to benchmark
1D and 2D parameterized PDEs. In [22], an efficient surro-
gate modeling framework based on PINNs is developed for
2D parameterized premixed combustion systems. The PINNs
surrogate model, with five input parameters, accurately predicts
combustion fields, closely matching direct numerical simula-
tions. Simulating 161051 parameter combinations with numeri-
cal methods takes 3000 times longer than with the PINNs model.
Similar 2D parameterized simulation methods based on PINNs
have been explored in [23] and [24].

Despite the pioneering research on PINNs in parameterized
simulations, no studies have yet been found applying PINNs to
parameterized 3D thermal simulation in the field of power elec-
tronics. Therefore, this article focuses on SiC power modules
with complex geometrical structures, developing a PINNs-based
parameterized simulation framework to evaluate the capability
of PINNSs in addressing steady-state thermal simulation prob-
lems of power electronics. Due to issues, such as poor conver-
gence and excessive computational overhead, transient thermal
simulation lies beyond the current scope of this article.

The rest of this article is structured as follows. Section II
provides a detailed explanation of the proposed PINNs-based
parameterized thermal simulation method employing a specific
case study as an example. In Section III, the simulation speed,
accuracy, and scalability of the proposed methodology are eval-
uated by comparing it with COMSOL thermal simulations and
experimental results. Finally, Section IV concludes this article.

II. PROPOSED SIMULATION METHODOLOGY
A. Methodology Overview

The core objective of steady-state thermal simulation for SiC
power modules involves solving steady-state PDEs, such as the
heat conduction equation, the convection equation, and the N-S
equations. A PINN approximator estimates the solution to a
given PDE along with a set of boundary conditions through a
neural network. The model is trained by defining a loss function
that reflects how accurately the network adheres to the PDE and
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Fig. 1.

Schematic of the structure of a PINN approximator.

constraints. By minimizing this loss function, the network ef-
fectively approximates the solution to the PDE. Fig. 1 illustrates
the structure of a neural network approximator. The inputs of the
network are the spatial coordinates of the point cloud and
the values from the parameter space. These inputs are mapped to
the quantities of interest through a neural network with nonlinear
activation functions. To train the network, a loss function is
employed, which includes the derivatives of the output with
respect to the input (computed via automatic differentiation) as
well as boundary condition information.

A steady-state PDE typically has the following general form.

Flul () - f(2) =0 (D
Blu] (x) —g(x) =0 2)

where F represents general differential operators, and ax refers
to the set of independent variables, encompassing both spatial
coordinates and the parameterized input flexible parameters. The
function u(x) serves as the solution to the PDE. The operator B
is associated with boundary conditions, which may be Dirichlet,
Neumann, or Robin types. f(x) and g(x) are employed to
characterize specific physical conditions within the problem
domain and on the boundary, respectively.

A neural network @(x; 6) is constructed to approximate the
solution u(x), where 6 represents the trainable parameters of
the network. To train this neural network, a loss function is
constructed that penalizes the divergence of the approximate
solution @(a; 0) from the PDE. For this purpose, the following
residuals are defined:

Repe (z) = Fli] (x) — f (z) €)
Rpc (®) = Bli] (z) — g (2) 4)

where Rppg and Rpc represent the residuals of the PDE and
the boundary conditions, respectively. Consequently, the loss
function for the neural network is expressed as follows:

Ny Ny

)»f 2 b
Lres = <L 57 [ Rops ()2 + 223 | Rac (a 5
=N 1:1‘ poE (24)] N Z:1| se ()] 5)

where Ay and A; are weight factors. Ny and N, represent the
number of sample points for interior and boundary sampling in
the parameter space, respectively. L. measures how well the
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Fig. 2. SiC MOSFET power semiconductor module with Pin-Fin structure.

neural network satisfies the PDE and boundary constraints. The
smaller L, is, the closer (x; 0) is to the true solution u(x).

By utilizing PyTorch’s automatic differentiation capabilities,
the derivatives of different orders from the neural network output
with respect to the input can be computed. These derivatives are
then substituted into (3) and (4) to determine the residuals, which
are subsequently used to compute L. Finally, the approximate
solution @(a; 0) is trained by iteratively optimizing the network
parameters 6 through the stochastic gradient descent methods
like the Adam optimizer. Following the PINN solution method
for a single PDE as described above, multiple neural networks
can fit the all PDEs involved in the thermal field simulation.

PINNSs incorporate physical laws as constraints, guiding the
training of the neural network by leveraging the residuals of
PDEs and boundary conditions. PINNs approximate PDEs via
neural network optimization, bypassing mesh grids and ex-
celling in high-dimensional problem. In fact, PINNs are a novel
PDE approximator that integrates the powerful generalization
capabilities of machine learning, which sets them apart from
traditional methods. Unlike traditional machine learning meth-
ods, which require labeled data to compute loss values, PINNs
do not rely on labeled datasets.

B. Introduction of the Studied Case

A direct water-cooled three-phase half-bridge SiC power
module (see Fig. 2) serves as the studied case. Each switch po-
sition consists of four 1.2 kV SiC MOSFET chips (Rohm S4108),
without any anti-parallel diode chips. The DBC AIN substrates
are fixed onto a copper baseplate integrated with a Pin-Fin liquid
cooling structure through soldering. The flow channel structure
is a series flow channel, and the cooling medium is deionized
water. More detailed information about the SiC power module
is provided in Table I.

For incompressible deionized water, the conservation equa-
tions governing the transfer of mass, momentum, and energy are
as follows:

V-v=0
p(v-V)v=-Vp+uVv
pCp (’U'VTf) :k‘f V2Tf

(©)

p, 1, k¢, and C), are the density, dynamic viscosity, thermal
conductivity and specific heat capacity of the fluid medium,
respectively; v is the velocity field vector which can be rep-
resented by its components (u, v,w), corresponding to the
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TABLE I
PACKAGING MATERIALS AND DIMENSIONS

Component Material Size (mm)
Chip SiC 3.06 x2.45 x0.38
chip solder SAC305 3.06 x2.45x0.15
DBC copper Cu 60 x40 x 0.3
DBC ceramic AIN 60 x40 x 0.63
Baseplate solder SAC305 60 x 40 x 0.25
Baseplate Cu —_—
Cold plate Al 6061 152 x90 x 18
Cooling medium Water —_

Inputs Power module PINNs field surrogate model Outputs
4 P
[©h o
1 -
Spatial @_ _! . . |
coordinates ' H = |
- b=} -
L @' | g é i ’@
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conditions - é z : »@
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Geometry @' ~h o L ..@
variables @_ ) Hidden layers hadl
Neural networks
Fig. 3. Schematic of the power module PINNS field surrogate model.

velocity components of the fluid in the z, y, and z directions,
respectively. p is the pressure. T’ is the water temperature.

For the solid materials within the power module, the heat
transfer equation is expressed as follows:

V2T, +Q, = 0. (7

The thermal conductivity of the solid material is represented
by ks, the temperature of the solid is indicated by T, and the
heat source loss is denoted as Q.

At the interfaces between different solid materials, as well
as at the interfaces between fluid (water) and solid (baseplate),
the same boundary conditions of temperature and heat flux
continuity need to be satisfied. Taking the solid-fluid interface
as an example, the following equations need to be satisfied:

{TS - o1 €
. . )
T, _ orT
ks on ky anf

The vector n represents the unit normal directed outward at
the solid-liquid interface.

In addition to the continuity boundary condition, the fluid
velocity at the inlet is specified as g, indicating a given flow
rate. The inlet temperature is prescribed as 7. At the outlet,
the pressure is set to p = 0, and no-slip boundary conditions are
applied to the channel walls.
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C. Parameterized Simulation Procedure

As shown in Fig. 3, in the 3D parameterized multiphysics cou-
pling study case, the PINNs model introduces two boundary con-
dition parameters (Tp € [25, 35]°C, Qo € [8, 12] L/ min),
one equation parameter (chip total power loss Py €
[1200, 1800] W), and two geometric parameters (baseplate
thickness H;, € [2, 4] mm and Pin-Fin height H,, € [4, 8] mm)
as input variables, to comprehensively demonstrate the ability of
PINNS to handle various types of variable input parameters. The
model inputs, denoted as &, encompass the spatial coordinates
along with five adjustable parameters. The model output is the
set of all physical quantities to be solved in the PDEs involved in
the thermal system of the SiC power module. Within the model,
a nondimensionalization preprocessing step is initially applied
to normalize all thermal system parameters, ensuring that the
velocity, temperature, and pressure scales are approximately
within the [0, 1] ranges. This step is essential for achieving
rapid convergence and maintaining balanced loss during the
training of the neural network model. The process of nondimen-
sionalization begins with selecting appropriate representative
scales. For thermal simulations of power modules, it is crucial
to establish scales for the four primary physical quantities:
length L, mass M, time t, and temperature 7T'. The scales for
other physical quantities are subsequently determined based on
their relationships with these fundamental quantities. The scales
for the four basic quantities are defined as follows:

Lgcale = 0.02 m,
Lscale = 0.01 S,

Mscale =1x 1075 kg (9)
Ticale = 500 K. (10)

The second step involves nondimensionalizing the original
variables by dividing each by its respective scale. In the third
step, these nondimensionalized variables are substituted into
the original physical equations to obtain their nondimensional
forms. Finally, the derived nondimensional variables and param-
eters are utilized in the training of neural networks.

Dimensionalization is the process of converting non-
dimensional results back to their original physical units. This
typically happens after model training and prediction to map the
nondimensional outputs back to the actual physical quantities.
To recover the original variables from non-dimensional ones,
multiply by the corresponding scales.

Subsequently, neural networks, recognized as universal ap-
proximators, are employed to construct the high-dimensional
non-linear mapping. The inputs x and outputs Y are linked
through the forward propagation across multiple hidden layers
H ; expressed as

0p (x) = [sin(27f x x); cos(2nf x x)]” (11)
H, =0 (Wi0g (x)+b) (12)
H,=0c(W,H,_;+b;), fori=2.3,....,n; (13
Y (z) =W, 41 Hy, +bp4 (14)

where f represents the trainable frequency matrix. H; is the
hidden layer of the ¢th layer, with weights and biases denoted as
W, and b;. The activation function o (), specifically the Swish
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Fig.4. Detailed implementation flowchart of the PINNs model (NN represents

function, is employed to construct a continuously differentiable
neural representation. The total number of hidden layers is
denoted as n;. (g represents the input encoding layer of the
Fourier network, which maps inputs to a higher dimensional
feature space using high-frequency functions. This Fourier net-
work architecture enhances model accuracy and mitigates the
spectral bias typically present in standard fully connected neural
networks [25].

As illustrated in Fig. 4, the power module PINNs model
comprises multiple Fourier networks. For the solid part, since
each layer of the power module has different material proper-
ties, the PDE corresponding to that domain varies. Each layer
requires a Fourier network to represent and fit the heat transfer
equation corresponding to that physical domain, necessitating
seven networks. For the fluid part, two networks are required
to fit the fluid flow PDE and the convective heat transfer PDE,
respectively. In this studied case, a total of nine Fourier neural
networks are employed, with each network responsible for satis-
fying the physical constraints corresponding to different regions
of the SiC power module. Due to the use of a soft coupling
constraint method, the boundary condition terms in the loss
functions of each network do not directly include the outputs of
other networks. By introducing continuity boundary condition
residual penalty terms into the global loss, this method indirectly
enhances the consistency between networks without requiring
strict satisfaction of interface continuity boundary conditions at
every iteration. The inputs for each network are the same, and the
output is the physical quantity to be solved for the corresponding
PDE. Furthermore, the entire Fourier network approximators are
structured with 6 hidden layers, each containing 512 neurons,
which typically produces optimal and stable outcomes.

Next, it is necessary to minimize the loss functions based
on the neural network outputs and their derivatives. The loss
function consists of two parts: the residual of the partial dif-
ferential equation and the mean squared error of the boundary
conditions. These losses are calculated based on user-defined

neural network, BC refers to boundary condition, and H-T stands for heat transfer.

Fig. 5.

Point cloud graph about the randomized sampling points.

sampling points randomly generated throughout the solution
domain and respective boundaries. The sampling method
adopted is uniform random sampling, with each material layer
and interface sampled separately. This approach is motivated
by several key considerations, including avoiding overfitting,
ensuring compatibility with stochastic gradient descent, ease
of implementation, enhancing generalization, and adapting ef-
fectively to high-dimensional problems. The point cloud graph
about the sampling points is shown in Fig. 5.

All the losses are aggregated with appropriate weights. In this
weighting scheme, a higher weight is assigned to the PDE resid-
ual to ensure accurate fitting of complex equations. At the same
time, boundary conditions are given a lower weight because they
are typically easier to satisfy. The interface continuity weight is
initially set relatively low to avoid overshadowing other terms.
As the model learns the solutions in each region, this weight
is gradually increased to refine interface continuity and boost
overall performance. Specifically, the weights for £;. 5 are set to
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1,Ly3issetto20, Ly4.21 aresetto 10, and Lg..1 2 are dynamically
adjusted according to the training iteration number n

1

X TR (15)

w (TL) = (wmax - wmin) -+ Wmin
where Wmax = 10, Wiin = 1,k =4 x 1009 ng =4 x 10°.

If the aggregated loss L exceeds the defined threshold, back-
propagation is performed to optimize the trainable weights 6,
iterating until £ decreases to the predefined error threshold (set
to 1075 in this article). In this studied case, the aggregated
loss variation during the training process is presented in Fig. 6.
After 7 305 000 iterations, the loss value dropped below 1075,
marking the end of the PINNs model training. It is worth noting
that, to enable strongly coupled networks to converge quickly
and synchronously, the unified aggregated loss function, the
adaptive optimization algorithm Adam, and the exponential
decay learning rate mechanism are employed. These networks
are jointly trained to ensure synchronized parameter updates.

Once the training is complete, it can run inference for any
combination of the five input parameters, yielding correspond-
ing thermal simulation results without retraining the neural
network from scratch.

III. EXPERIMENTAL VERIFICATION
A. Speed Verification

To evaluate the proposed PINNs-based thermal simulation
method against traditional numerical methods, COMSOL is
used as a benchmark. Both methods utilize identical PDEs and
boundary conditions for a fair comparison. While the inference
time of a trained PINNs model is minimal (about 1~2 s), the
training cost must also be considered. The PINNs model is
trained utilizing 2 NVIDIA A800 GPUs, whereas each corre-
sponding COMSOL thermal model simulation employs 2 Intel
Xeon Platinum 8380 CPUs, each featuring 40 cores, and is
equipped with 1TB of RAM. To ensure the fairness of the
comparison as much as possible, COMSOL computations are
equipped with top-tier computational resources. Under the cur-
rently available resources, its simulation efficiency is difficult to
improve further. Table II gives PINNs training and COMSOL
computation time costs for different simulation scenarios, along
with the maximum junction temperature error between the two.
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TABLE IT
PINNS TRAINING AND COMSOL COMPUTATION DETAILS
Case description Time costs (hours) Errors

COMSOL single run 1.7

Non-parameterized PINNSs single run 25.6 1.2%
COMSOL 100 cases run 170

Parameterized PINNs 100 cases run 153.8 2.6%

COMSOL 10 000 cases run 17000
Parameterized PINNs 10 000 cases run 159.3 3.0%

For the nonparameterized case that can only simulate a spe-
cific situation with inputs limited to spatial coordinates, the time
cost of training a PINNs model (25.6 h) is approximately 15
times that of executing a single COMSOL thermal simulation
with refined mesh division (1.7 h). For nonparameterized simu-
lations, the simulation efficiency of the PINNs model can only
potentially surpass traditional numerical methods when a larger
number of GPUs are utilized for PINNs model training. In sce-
narios where GPU resources are limited, traditional numerical
methods are more efficient for non-parameterized simulation
than PINNs for the power module 3D thermal simulation.

In the studied case, when employing the proposed PINNs
parameterized method for 100 simulations with different input
parameter combinations (Fy, 1o, Qo, Hp, Hp), the training and
inference time (153.8 h) of the parameterized PINNs model is
comparable to the time required for COMSOL to perform 100
simulations (170 h). However, when exploring a larger parameter
space, such as conducting 10 000 simulations with different
combinations of the five input parameters, the computational
cost for COMSOL (17 000 h) extends to several months, which
is 106 times that of the PINNs-based parameterized simulation
method (159.3 h). The parameterized PINNs approach has a
significant advantage in simulation efficiency for the large de-
sign space exploration. The larger the design space required for
parameter optimization, the more pronounced the advantage in
simulation efficiency.

B. Accuracy Verification

To verify the accuracy of thermal simulations, a unified liquid
cooling performance testing platform for SiC power modules
is established, as illustrated in Fig. 7. The pumping power of
the entire liquid cooling system is primarily provided by an
external water chiller, which ensures that the temperature of
the cooling fluid at the inlet of the SiC power module cold plate
is maintained at the set value. The cooling fluid flow rate is
precisely regulated by controlling the flow valve. A precision
pressure sensor (range: 0—600 kPa and accuracy: 0.2%) is placed
at both the inlet and outlet sides near the SiC power module
cold plate to measure the actual pressure at these points. In
addition, to ensure accurate measurement of the SiC power
module chip temperature, the upper surface of its internal DBC
substrate is evenly coated with black insulating paint, and an
infrared thermal imaging camera (Guide PS610) is used for
temperature measurement. The experiment utilizes a constant
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Fig. 8. Power module testing platform circuit schematic and the fabricated
power module. (a) Circuit schematic. (b) Fabricated SiC power module.

current and constant voltage power supply (0-30 V, 0-100 A) to
power the three-phase SiC power module. The schematic of the
experimental circuit is depicted in Fig. 8. Three half-bridge DBC
substrates are connected in series to ensure current consistency.
The gate and source of the SiC MOSFET chips are short-circuited,
allowing reverse current flow through the body diodes of the
chips. In the experiment, the power losses of the SiC chips are
controlled by adjusting the output of the constant current power
supply.

Based on this experimental platform, experimental and sim-
ulation results corresponding to the lower, middle, and upper
limits of the five input parameters are selected for compari-
son. The thermal field results of the three cases are shown in
Fig. 9. The pressure field distribution results for the middle
case are illustrated in Fig. 10. The thermal field and pressure
field simulation results of parameterized PINNs are composed
of point clouds, with visualization achieved through ParaView
software. It is worth noting that PINNs have been provided
with an adequate number of sampling points to ensure the
accuracy. The comparison of errors in peak temperature and
inlet/outlet pressure drop between the two simulation methods
and experiments is given in Table III. The pressure drop in
the experiments is measured using a high-precision pressure
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TABLE III
COMPARISON OF PEAK TEMPERATURE AND PRESSURE DROP ERRORS
BETWEEN TWO SIMULATION METHODS AND EXPERIMENTS

Case description ~ Method Peak temperature Pressure drop
€1Tors €Irors
COMSOL 1.0% 3.9%
Case 1 PINNs 0.6% 8.0%
COMSOL 0.8% 4.4%
Case2 PINNs 23% 9.1%
COMSOL 1.1% 5.5%
Case 3 PINNs 2.9% 7.9%

sensor. The measured pressure drops for the three cases are
8.15, 9.98, and 12.27 kPa. It can be observed that the accuracy
of the parameterized PINNs method is slightly lower than that
of COMSOL, both in terms of temperature results and pressure
drop results. The maximum temperature error between the two
simulation methods is under 3%, while the maximum pressure
drop discrepancy is less than 5%. The maximum temperature
error between PINNs and the experiment is 2.9%, while the
maximum pressure drop error is 9.1%. The relatively large error
in pressure drop calculation is attributed to the high complexity
involved in solving the N-S equations. The comparison results
demonstrate the high temperature simulation accuracy of the
proposed parameterized simulation method.

C. Scalability Verification

For nonparameterized PINNs simulation models, similar to
traditional numerical simulation methods, training can only
simulate a specific set of parameters at a time. Any change in
parameters necessitates retraining to improve simulation accu-
racy. In contrast, parameterized PINNs simulation models can
efficiently simulate under multiple parameter combinations by
introducing variable parameters into the neural network inputs.
However, parameterized PINNs are only effective when the
introduced adjustable parameters change. If other parameters
vary, retraining is necessary to account for these changes. This is
an unavoidable issue for all parameterized simulation methods.
The more input parameters in the parameterized PINNs model,
the stronger its generalization ability. Due to the numerous vari-
able parameters in actual power module systems, it is impossible
to construct a universal parameterized model that can respond
quickly and accurately to all parameter variations. At this point,
the scalability of parameterized simulation models becomes
crucial.

To verify the performance of the proposed parameterized
simulation model in terms of parametric scalability, nine ge-
ometric parameters, as shown in Fig. 11, are added as new
input parameters based on the five input parameters from the
original study case. As a result, the number of input parameters
for the parameterized PINNs model increased to 14. The radius
R of the cylindrical fins within each region is defined within the
range of [0.5, 1.5] mm, the horizontal spacing D;, ranges from
[3, 6] mm, and the vertical spacing D,, is specified within [3,
5] mm. Except for the differences in input parameters, the other



YANG et al.: PARAMETERIZED THERMAL SIMULATION METHOD BASED ON PINNS FOR FAST POWER MODULE THERMAL DESIGN

PINNs
max: 102.3°C 23
COMSOL \&g 2% \5%% i 100.1°
%% max: 100.4°C
max: 100.3°C
Experiment

Fig. 9.

To =25°C, Qo =8 L/ min, Py =

9207

%unu SN\
= &

max: 139.8

=3
%% max: 138.2°C

max: 138.6°C

Comparison of the temperature distribution results from two simulation methods and experimental results for three different cases (case 1:
1200 W, Hy =2 mm, H, =4 mm; case2: Ty =30°C, Qo =

10 L/ min, Py = 1500 W, Hj, = 3 mm, H, =

6 mm; and case 3: Tp =35°C, Qo = 12 L/ min, Py = 1800 W, H, =4 mm, H, = 8 mm.).

kPa
A 3843

p_kPa

(a) (b)

Fig. 10.  Comparison of the fluid pressure distribution results from two simu-
lation methods for case 2. (a) COMSOL simulation. (b) PINNs simulation.

Substrate 1 Substrate 2 Substrate 3
Fmomm===mq === =m— =S ool
0o o i 0 0 ol 0 0 0
:gogogo:gogogougogogo
1“0 _0 _ 01 _0_0_0,1-0_0_ 0O}
I0-0-0 1,0.0°0 |O o _0O
1O _O _of © .0 0O o _O O'
0 _0_0 1,0.0_0 0 -0 -0
oo _o'!“0-o0 o- ~0-0 o-
©_ O _ 0 1,0 _0O_O © O _ O
"o o_o'"0-0 o. 00 o
o~ 00 Io ©_ 0 y0 00

Dy © SO JOppE O J0 o o o.
! °0 %0 %0 d
0] Q_ 0 ! Lo ? Lo ?
Dvl Rl DvZ v3
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cooling structure.

settings remain consistent with the previous study case. The
variation curve of the aggregated loss values during the training
process of the new parameterized PINNs model is depicted in
Fig. 12. The small loss function value indicates that the neural
networks have successfully satisfied the physical constraints,

Loss value

Number of iterations w10°

Fig. 12.  Aggregated loss variation curve for the new study case.

suggesting that the networks have approximated the solution to
the parameterized PDEs effectively. The thermal field simulation
result for one of the many parameter combinations inferred using
the newly trained PINNs model is compared with experimental
results, as shown in Fig. 13. The corresponding Pin-Fin structure
and the pressure field distribution results obtained from the
PINNs simulation are illustrated in Fig. 14. The maximum
error in junction temperature between the PINNs simulation
and the experiment is 2.3 °C. The experimentally measured
pressure drop between the inlet and outlet is 10.66 kPa, and
the error between the PINNs simulation and the experiment is
0.59 kPa. This further demonstrates the high accuracy of the new
parameterized PINNs simulation model. The high accuracy of
the newly trained parameterized model demonstrates the strong
parameter scalability of the PINNs model when extending pa-
rameters. The training time for the new model is 356.8 h. It can be
observed that the more parameters used for parameterization, the
longer the training time required under the same GPU resources.
In practical applications, the pre-selection of input parameters
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Fig. 14. The Pin-Fin structure and pressure field distribution. (a) Pin-Fin
structure. (b) Pressure field distribution (T = 30°C, Q¢ = 10L/ min, Py =
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based on requirements is crucial for maximizing efficiency under
limited GPU resources.

When sufficient GPU resources are available, an effective
way to shorten the convergence time of the PINNs model is to
parallelize the training process across multiple GPUs. The most
common multi-GPU parallelization strategy is data parallelism,
where the global training batch is split into multiple sub-batches
and assigned to each GPU. Each GPU processes forward and
backward passes on its assigned sub-batch, with gradients being
aggregated across all GPUs through the AllReduce algorithm.
To evaluate the acceleration performance of the PINNs model in
a multi-GPU environment, the training speedup ratio of the new
parameterized PINNs model is tested under different numbers
of GPUs using the aforementioned data parallel method. Due to
the limited availability of GPU resources, this article tests with
up to 8 GPUs, and the corresponding test results are shown in
Fig. 15. The ideal speedup is linear (i.e., using N GPUs achieves
N times speedup), but in practical applications, due to factors,
such as communication overhead, hardware architecture, and
bandwidth limitations, perfect linear speedup is unattainable.
However, since the large computational cost of PINNs models is
dominant, these factors have little impact on the overall speed.
Furthermore, since nearly 100% of the PINNs model can be
parallelized, multi-GPU parallel computing achieves excellent
speedup. These two factors typically result in the speedup of
PINNs model training with multiple GPUs approaching linear
acceleration. Based on the trend of the test results, the training
speed of the PINNs model can further improve as the number
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for COMSOL thermal simulation.

of GPUs increases. The test results indicate that the proposed
parameterized thermal simulation method exhibits excellent
scalability with respect to GPU computational resources.
Additionally, this article investigates the impact of different
CPU core counts on the computation speed of the COMSOL
thermal simulation model. The reason for choosing the number
of cores as the research focus is that COMSOL implements
parallel computing through multicore parallelization. Testing is
conducted with four CPU cores as the baseline (single COMSOL
thermal simulation takes 3.6 h), ensuring sufficient memory
space. The corresponding results are shown in Fig. 16. The
results indicate that increasing core count initially accelerates
thermal simulations, but the speedup plateaus as more cores
are added, with actual speedup falling well below the ideal.
Similar tests on other power module thermal simulation models
reveal a similar trend in speedup, which remains well below
the ideal level. This is due to the limited proportion of the
COMSOL model that can be parallelized, and as core count
increases, the overhead of communication and synchronization
grows, diminishing the speedup effect or even resulting in worse
performance than with fewer cores. In fact, for each COMSOL
thermal simulation model, there is an optimal core count, which
depends on the CPU specification used and the size of the
thermal model. More cores are not necessarily better, and fewer
cores are not necessarily worse. The test results reveal the poor
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scalability of COMSOL thermal models, meaning that increas-
ing the number of CPU cores does not significantly improve
parallel computational efficiency.

IV. CONCLUSION

This article proposes a parameterized 3D thermal simulation
methodology based on PINNs to achieve rapid design space
exploration. Compared to numerical methods, which require
recalculation when parameters change, the trained machine
learning model can predict complete physical field information
for any input parameter combination within the design space
instantly without needing retraining. The simulation process
can be up to hundreds of times faster than traditional numerical
methods. The larger the design parameter space, the more appar-
ent the efficiency advantage becomes. Furthermore, the PINNs
method exhibits strong scalability, and if needed, it can adapt to
different scenarios by adding or adjusting input parameters and
retraining. With sufficient GPU resources, PINNs can achieve
large-scale expansion due to their powerful nonlinear fitting and
parallel training capabilities. This method is not only applicable
to power modules but is also suitable for the parameterized
thermal simulation of other power electronic systems. The pro-
posed PINNs-based method can serve as an efficient and robust
virtual prototyping modeling method for the thermal design and
optimization of power electronic systems.

Future work involves optimizing neural network architec-
tures in PINNS, improving sampling strategies, utilizing transfer
learning, and achieving transient thermal simulation to further
enhance the performance and application scope of PINNs in
thermal simulation for power electronics.
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