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Abstract: Fast and accurate prediction method of the temperature field of power electronic
devices are of increasing importance for monitoring and controlling the working state of
electronics, especially when inserting temperature detectors is infeasible. Most existing
prediction methods are only focused on heat transfer process and lack consideration of the
coupling effect of the electric fields, making the prediction accuracy unsatisfactory. For this end,
we develop a solution framework, named TE-ROM based on proper orthogonal decomposition
and Galerkin projection method to solve the thermo-electric coupled field of power electronics.
The model is validated on a self-developed half-bridge insulated gate bipolar transistor (IGBT)
module. According to our tests with both static and dynamic conditions, our TE-ROM exhibits
an outstanding speed-up ratio of 298 compared with full order model while the maximum
absolute error being 1.64 K and mean absolute error being 0.18 K. Furthermore, TE-ROM
facilitates a more accurate heat source distribution that results in accuracy improvement at
bonding wire region since the mean absolute error reduces by 76.41% meanwhile the coefficient
of determination improves from 0.6750 to 0.9842, demonstrating the importance of electrical
self-heating for the temperature prediction of wires. Finally, our TE-ROM has achieved real-time
temperature prediction for the full field at a time step of 10 s.
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1. Introduction

Power electronic devices, who take charge of the circuit control and electric conversion in
high-power electric equipment for their capability of carrying large voltage and current, have been
employed extensively in the electronic manufacturing industry [1], playing a vital part in the fields
like renewable energy generation [2], electric vehicle [3] and high-speed rail. Due to the evolution
trend towards higher level of device integration and greater demand of electric energy utilization, the
power density of the operating electric load carried by the device has increased incredibly as the
industry updates, posing severe thermal power loss which causes material aging and device failure
problems [4]. As those common thermal failures, such as bonding wire lift-off and solder layer defect
[5], relate to hot spots within the devices which are inaccessible through contact measurement, it is
necessary to monitor and predict their thermal information by simulation means in advance in order
to adjust the electric and thermal inputs to protect them from overheating [6].

The ideal prediction method demands being swift, accurate and capable of full-field prediction
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out of the requirements from actual application. To achieve these goals, there are basically several
promising ways including numerical simulation [7], thermal network [3, 8] and neural network
method [9, 10]. Numerical method is widely utilized and gains a commercial success for it can deal
with a vast range of partial differential equations (PDEs) and uncover the entire physical field of the
model precisely, yet the heavy cost of time and computation resources renders it inadequate for fast
prediction. Thermal network method is commonly used by the device manufacturers for its simplicity
but magnificent efficiency. The methodology behind it is thermo-electric analogy, analogizing the
heat transfer routes within the device to the electric circuit. However, the method is only capable of
obtaining information of specific scattered nodes which is not enough to support field analysis.
Neural network method is a promising solution to address the issues mentioned in the above
methods, who specializes in solving PDEs through deep learning method. A well-trained neural
network model could accelerate the thermal design and optimization of the device, yet the only
drawback is the immense consumption of time and computation resources for dataset accumulation
and model training.

In order to overcome these limitations, great efforts have been devoted to reduce the scale of the
problem while keeping the solution accurate and that's when the idea of reduced order model (ROM)
came out as a suitable path [11, 12]. The fundamental principal of ROM, a relative concept of full
order model (FOM), is to find an approximate solution of the studied problem in a reduced solution
space whose dimension is much smaller than the former FOM. Among the reduced order modeling,
proper orthogonal decomposition (POD) has been applied widely in engineering analysis due to its
low computation cost and good compatibility with numerical methods [13, 14]. The POD method was
firstly introduced in statistics which was also called principal component analysis (PCA) to extract the
dominant features from the metadata [15], applied in the fields concerning flow pattern analysis like
fluid mechanics [16] and meteorology [17, 18] such as capturing the large eddy structures in the
turbulence. During early times, the POD alone was only capable of feature analysis based on the
dataset whereas couldn’t compute solution without combining with specific physical mechanisms
[19]. After incorporating with numerical methods like finite volume method (FVM) or finite element
volume (FEM), POD was renovated and extended with the ability of extrapolation. As a result, POD
was used to predict different physical fields in the context of electro-magnetic problems [20] and fluid
dynamics-heat transfer problems [21].

In recent years, with the growing need of temperature monitoring and prediction, POD method
has also been utilized for the thermal field reconstruction in electronic devices. State-of-the-art
research has applied POD-FEM method to predict the temperature field of 3-D three-phase insulated
gate bipolar transistor (IGBT) module and has achieved a 100-fold acceleration compared to
traditional FEM while maintaining a maximum absolute error of 1 K [22]. Nowadays, it is concluded
that the main bottleneck of POD-based prediction methods is the heavy computation cost for reduced
matrix construction that lags down the efficiency. Therefore, diverse studies have retrofitted POD
with other methods to boost efficiency. [23] introduces a unified index matrix to reduce the amount of
processed data when reducing the matrix order, resulting in a maximum speed-up of in 101 times. [24]
converts the ROM into equivalent thermal network model to calculate temperature data of designated
points under 10-3 s per step. [25] reports a conservation-based method that introduces POD basis into
Galerkin projection method, which calculates 1600 moments of the full temperature field with only
61.3 seconds (0.038 s per moment), showing 440 times faster than traditional FVM.

However, the above introduced existing studies still have room for further improvement. In
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general, the literature focuses on the temperature evolution where the heat transfer process is
considered and accelerated only, while the coupling effect of electric field is excluded. In the article,
we refer to this solution framework as thermal-based reduced order model (T-ROM). In T-ROM, the
heat dissipation rate is determined by the power loss functions which only cover the main heat
sources such as chips and capacitors, as shown in Figure 1, but omit the Joule heat generated by other
parts like wires. It's worth pointing out that such a simplification makes the calculation easier for
avoiding the current but brings error which might lead to inaccurate prediction. However, deriving a
detailed heat source requires solving the electric field, whereas a reduced order model that integrates
the temperature and electric fields, along with a comprehensive assessment of its efficiency and
accuracy, remains unexplored.

Based on this reason, given the purpose to predict a more precise temperature field premised on
the swiftness, we propose a thermo-electric coupled reduced order model (TE-ROM) to predict the
three-dimensional electric and temperature field quickly and accurately. In the TE-ROM framework
shown in Figure 1, both electric and thermal field are reduced and accelerated by the POD-Galerkin
method and the heat source during the thermal solution is acquired from the electric result through
Joule’s law to ensure its accuracy. To validate the performance of our TE-ROM, we built a schematic
IGBT module from SOLIDWORKS and tested its calculation speed and accuracy by simulation means
through different methods. The results have proven that the proposed TE-ROM could solve the
temperature field more precisely than T-ROM while still possess an outstanding calculation speed,

realizing real-time prediction for the devices.
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Figure 1: Strategic differences between the workflows of various methods. s means the heat source term

calculated by Joule’s law, where ¢ is the conductivity and V is the electric potential.

2. Methodology
2.1 POD Order Reduction

Given a physical field to be solved, denoted as F, discretized into grids of N, the time-relevant
solution of F can be regarded as the trajectory of a point moving through time in an N-dimensional
solution space, which we also call the full order model (FOM):

N

Fra(® = ) 0ify (6) &

i=1

where o; is the standard basis vector whose i-th component is 1 while all the other components

are 0. f,, represents the value of F at point x;, also referred to as the projection coefficient of F
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under the basis ;.

Nowadays, to solve a complex FOM through numerical method such as finite volume method
with sufficient precision could easily make the scale of grid number N escalate to hundreds of
thousands or even millions, resulting in excessively redundant solution space and lagging down the
computational performance.

Rather than choosing the standard bases {c;}, the main concept of POD method is to select a set
of characteristic orthogonal bases properly based on the amount of physical information it embodies
about the system F to scale down the solution space. These bases, also referred to as POD modes, is
utilized to reconstruct and approximate the original physical field. The more information obtained in
this modal combination, the more accurate the reconstructed physical field will be.

Using POD bases, the original physical field F can be expressed as:

N
F() =) @ ea;b )
i=1

where ¢ denote these POD modes, every one of which is geometrically perpendicular with each
other and a; denotes the projection coefficient of F under POD mode:
Feg,
el
Remaining the sum of the first n terms of Eq. (2), the approximation of F, denoted as F and the

a; = prj, F = =Fly, 3)

truncation error E can be expressed as:

i=1
5 N 2 N
E=(F-F) =<Z¢i-ai) =) a2 (5)
n+1 n+1
Substitute Eq. (3) into Eq. (5) for further deduction:
N N N
E:ZaiT'ai:Z(PiTFFT%:Z(PiTR% (6)
n+1 n+1 n+1

Where R = FET. Therefore, the set of POD modes can be derived by solving the optimization
problem of minimizing E. The solution of the optimization problem is expressed as follows which

reveals the condition that the optimal POD modes conform to:

Re; = A, @)
Finally, after substituting Eq. (7) into Eq. (6), the truncation error can be quantified as:
N N
E= Z(PiT)‘i(Pi: Z)‘i )
n+1 n+1

Eq. (7) and Eq. (8) reveal that every eigenvector of R turns out to be the candidate of POD
modes and its corresponding eigenvalue A;, which is also named the “energy” of the i —th mode,
quantifies the physical information captured in ¢; and is regarded as the criterion for mode selection.
The higher the energy sum from chosen modes takes up, the more accurate the reconstruction will be
achieved.

When it comes to practical means, however, as the temporal evolution of F(f) remains to be
solved, the theoretical deduction of time-continuous functions listed above should be adjusted to a

series of operations exerted on the time-discrete snapshot matrix U:

Uy ity U, 7 Uyt
u u e Uy
_ _ xq,t Xxo,tp 2/tM
Uy = [Uy, U, Ur,]= i 2 . 9)
luxN,tl uxN,tz uxN,tMJ
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where Uy, a column of matrix U, is the vector-shaped snapshot of the entire field F at t;. In
brief, the snapshot matrix U is the collection composed of the full-field data records of the physical
field F under different cases and moments in time, which contains the spatial and temporal
evolution characteristics of F. It is utterly the practical operation to obtain the POD modes to
substitute U as F into Eq. (6) ~ (8).

2.2 Galerkin Projection Method

POD bases acquired by snapshot dataset offer a new norm to reconstruct the solution space in a
more concise and efficient way, yet only with that it’s still unable to figure out the movement of the
system unless combined with its governing mechanisms such as heat transfer equation. Therefore, the
Galerkin projection method is introduced to obtain the projection coefficients under the POD
coordinate system.

In the context of IGBT module electric-thermal field prediction, the main governing equations are

the heat transfer equation (Eq. (10)) and the electric current conservation equation (Eq. (11)):

T
pcpﬁ =Ve(xkVI) +s (10)
Ve]=0 (11)
where T and ] denote the temperature and current density vector, p, ¢, and x are

respectively the density, specific thermal capacity and coefficient of thermal conductivity of the
material, s represents the heat source term. It's worth mentioned that Eq. (11) demonstrates the
steady-state form of current conservation, which is a simplification assuming that the electric field
would swiftly converge to steady state according to the shift of boundary condition at a negligible
time cost.

Taking the deduction of heat transfer equation using POD-Galerkin projection for instance, every

one of the grid elements in the system satisfies the discrete form of Eq. (12):

PiCyi At ‘edVi= ) Cy(T;—T,)edA;;+s; edV, (12)
jENei(i)

Here, i and j represent the index of the studied element and its adjacent ones respectively,
nei(i) indicates the set of neighbor elements of element i. T; denotes the temperature of the i-th
element T; in the next time step. dV; denotes the volume of elment i and dA;; is the interface area
between element i and j. C;; is defined as thermal conductivity per unit area between element i
and j, which equals to the reciprocal of thermal resistance per unit area:

Ki,j
Ci,j = (13)
01
Where §;; is the distance between the center points of element i and ;.
The POD-Galerkin projection mainly operates two steps: projecting the equation on the POD

basis and integration, which is expressed as follows:

sz Cpi At gol(k).dv Zs go(k)OdV +Z Z C1] T T)q)(k) (14)

i=1 jenei(i)
where N is the total number of elements and (plw denotes the value of the k-th POD mode on
element i. The three terms in Eq. (14) are interpreted respectively as heat capacitance term, heat
source term and heat conduction term from left to right.

The temperature field under POD bases can be expressed as:
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n

= Z o™ a, +T, (15)

m=1
where n is the number of chosen POD modes, also named as the order of the POD space and
equal to the degrees of freedom of the subspace, T, denotes the environmental temperature.
Substituting Eq. (15) into Eq. (14) reveals the algebraic equations of projection coefficients governed
by the heat transfer law in matrix form:

Anxn ° a;(. — (AHXVI
IR At

- Knxn) ®d,,q + Snxl
(k (m)
sz pz >§01m V

Kk,m=z Y. G —g™) e dA,

i= 1]Enez(z)
Zs o 0 dV, (16)

where the vector a is the coordinate of temperature field under POD bases and a* is a at the
next time step. Obviously, compared with traditional FVM methods, the dimension of the solution
space, equal to the number of unknowns, has been scaled down from N to n (magnitude reduction
usually from 105 to 10°), leading to a prodigious computational acceleration and time saving.

The deduction of the steady-state current conservation equation follows the same path as heat
transfer equation, so the final matrix-formed equations to obtain the projection coefficients of electric
field, leaving out all the intermediate detailed deductions, is expressed as follows:

Onxl - nxn hd bnxl
= k
Diem=_ Y (¢ =) c;; 0 dA, (17)
i=1 jenei(i)
Vv, Z "™ o b, (18)
m=1

V,¢"™ and b,, are respectively the voltage value, the m-th electric POD mode and its projection
coefficient. ¢;; is the electric conductivity per unit area, equal to the electric conductivity rate o;
divided by 9; ;.

J

2.3 Workflow of the TE-ROM

The schematic order of TE-ROM is divided into offline stage and online stage. Offline stage is
responsible for preparing POD modes in advance and needs to be executed once. On the other hand,
the online stage needs to quickly calculate the electric field and temperature field based on the input
boundary conditions. During online stage, the TE-ROM is executed by the following order: electric
field solution, heat source calculation and temperature field solution. The electric field is solved ahead
of temperature field because the heat generation rate from the electronic device is calculated by
Joule’s law, which is the bridge connecting electric and temperature field and the very difference
between TE-ROM and T-ROM shown in Figure 1. To obtain a more precise heat source distribution,
the TE-ROM considers the heating effect of the whole electric domain and studies its influence to the
temperature field.

3. Performance Validation of TE-ROM for Power Device Prediction
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3.1 Structure of the Power Device
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Figure 2: The 3-D model (a) and Circuit Topologic Diagram (b) of IGBT Module.

To validate the performance of the proposed TE-ROM, a self-developed half-bridge IGBT
module is built by SOLIDWORKS for example. Figure 2 shows the three-dimensional structure and
the circuit diagram of the studied IGBT module. The module has two bridge arms and each arm
incorporates two IGBT chips and two fast recovering diode (FRD) chips paralleled with each other
through binding wires and direct bonding copper (DBC). To achieve current modulation, the two
arms turn on alternatively by switching IGBTs on and off. The size of the bottom surface of the
baseplate is 60 mm x 40 mm. The properties of the IGBT module are listed in Table 1.

Table 1: The Physical Property Parameters of IGBT Module.

. Specific heat Thermal Electric
. Density . - .
Material (ke/m) capacity conductivity conductivity
m
i (I/kg/K) (W/m/K) (m/3)
Cu 8940 390 398 5.8x107
Al 2700 900 238 3.7x107
. 100 (on)
Si 2330 715 135
0 (off)
AIN 3900 900 27 0
SAC305 7300 230 54 9.1x10¢

The schematic diagram in Figure 3 illustrates the practical application scenario of an IGBT
module. In this setup, the current input flows through one of the IGBT bridge arms, generating power
loss that is finally dissipated at the bottom of the baseplate to the heat sink. The heat transfer process
follows the third kind boundary condition, with a uniformed ambient temperature (set to 293.15 K)
and a heat transfer coefficient. Therefore, each operation case is uniquely defined by a combination of

three parameters: the active bridge arm, input current load and heat transfer coefficient.
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Figure 3: The Physical Condition of IGBT Operation Case.

To mitigate the computational burden of model construction and solution, some assumptions are
made for simplification, which are listed below:

1)  Chip structure simplification: The IGBT chip is considered homogenous and left out its
micro-structure.

2) Gate structure simplification: The gate area is omitted in the module for its negligible
influence to the temperature and electric solution.

3) Steady-state simplification for electric field: As mentioned before, we choose stationary form
of electric field function because the time scale of electric field variance is negligible compared with
the shifting period of electric boundary condition.

3.2 Snapshot Dataset Preparation

Snapshot dataset prepared for the mode extraction process is of great importance to the
prediction ability of the ROM. The cases in snapshots must be diverse enough to encompass the
whole prediction range in order to obtain the physical information as much as possible. Therefore, a
parameter scanning simulation containing 18 time-dependent studies with different parameter

combinations are computed in advance by finite-volume simulation.

Table 2: Case Parameters of Snapshot Dataset.

Parameters Values

Upper bridge arm / Lower bridge

Operating bridge arm arm
(See Figure 2(b))
Input load (A) 50/100/150
Heat transfer coefficient
1250 /2000 / 2500
(W/m?/K)
Switching frequency (Hz) 0/1/50

The parameters of each study are chosen from Table 2 according to the real loading stress and
liquid cooling scenario for IGBT, where the current inlet is chosen from 50 A to 150 A, the heat
transfer coefficient ranges from 1500 W/m?/K to 2500 W/m?/K and the active region shifts between the
upper bridge and the lower bridge with different frequency. In the row of switching frequency
parameters of Table 2, 0 Hz indicates that the current load remains unshifted. After processing all the
simulations, the results of the temperature field and the electric field are vectorized and concatenated
to form the snapshot matrix as the dataset for mode extraction.
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3.3 Validation Method

To validate the prediction performance of the TE-ROM, two types of tests are implemented
including constant case test (Test A) and time-variant case test (Test B). Both tests use the Robin
boundary condition to solve heat transfer equation with fixed heat transfer coefficient h. The initial
temperature field is applied uniform and the same as the ambient temperature of 293.15 K.

Table 3: Case Configurations for Test A

Case Operating bridge arm Inpl(lzioad Heat transfer coefficient (W/m?/K)
1 Upper bridge 60 1000
2 Lower bridge 60 1000
3 Upper bridge 75 1200
4 Lower bridge 75 1200
5 Upper bridge 90 1500
6 Lower bridge 90 1500
7 Upper bridge 120 2000
8 Lower bridge 120 2000

In Test A, where the case parameters are set fixed, the current load ranges from 60 A to 120 A to
simulate all scenarios of IGBT from mild load to heavy load, meanwhile the heat transfer coefficient
variates from 1000 W/m?/K to 2000 W/m?'K, representing the typical liquid cooling performance of
IGBT from weak to strong. The total 8 case configurations are detailed in Table 3. For each case the
simulation lasts 100 s with a time step of 0.1 s, yielding 1000 iterations per case.

Table 4: Case configurations for Test B.

Heat transfer coefficient
Case  Shifting Frequency (Hz)  Input load (A)

(W/m2/K)
1 1 75 1200
2 1 90 1500
3 1 120 2000
4 50 75 1200
5 50 90 1500
6 50 120 2000

Meanwhile, Test B is designed to see the prediction ability of TE-ROM under dynamic occasions
as it is more conformed to practical application of IGBT. During Test B, the current is exerted on the
two bridge arms alternatively with a constant frequency, leading to heat source varying through time.
A total of 6 cases are arranged and categorized into two groups based on switching frequency:
second-scaled switching tests (Case 1~3) and microsecond-scaled switching tests (Case 4~6). The
specific configurations are summarized in Table 4.

All the tests were conducted on a platform equipped with an Intel Xeon E5-2690 v4 CPU and a
single NVIDIA Quadro P2000 GPU. All the models are coded and tested on MATLAB R2022b.
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4. Results and Discussions
4.1 Accuracy Analysis

Figure 4 displays the visualization result of the temperature and electric field distribution at 100 s
under Case 7 of Test A when reaching the stationary state. The errors are mainly distributed in
high-temperature areas as well as at the edges of different layers, which may be caused by the grid
size. Nevertheless, by comparing these figures we can find a high consistency between the results of
FOM and TE-ROM since the max absolute deviation between them is 1.476 K in the temperature
result and 0.0013 V in the electric result. Divided by the range, the max relative error under Case 7 is
2.67% in the temperature field. Among the results in Test A, he highest max absolute error and mean
absolute error of the temperature field under all cases is 1.64 K and 0.18 K from Case 8, accounting for

2.86% and 0.34% compared with its range, showing good agreement between the two methods.
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Figure 4: The electric and temperature field distribution results (100 s) under of Test A acquired by FOM and
TE-ROM and the deviations between the two methods.

Figure 5 shows the time-dependent temperature variation of four critical points using TE-ROM
and FOM under Test A. The curves of the two methods overlap well in each case since the biggest
absolute error is 1.58 K on p2 at 2.8 s of Case 7, proving the prediction accuracy of TE-ROM. Figure 6
depicts the simulated time-dependent temperature of the same reference points under Test B, where
the biggest error is 1.65 K at point p2 (0.55 s) in Case 3 of the second-scaled switching tests and 0.48 K
at point p2 (0.091 s) in Case 6 of the microsecond-scaled switching tests. These results indicate that the
thermal reduced solution of TE-ROM consistently aligns with that of FOM, regardless of whether the
switching occurs on a microsecond or second scale.

It is noteworthy that although the operating conditions for Tests A (Table 3) and B (Table 4) fall
outside the distribution of the POD dataset (Table 2), the model maintains a remarkably high level of

predictive accuracy as discussed in figure 4~6, demonstrating the robust generalization capabilities of
the TE-ROM.

4.2 Comparison Analysis Between TE-ROM and T-ROM
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Figure 5: The simulated time-dependent temperature of four reference points using TE-ROM and FOM under 8
cases of Test A. (a) The four critical points respectively refer to chip (p1), bonding wire (p2), solder layer (p3) and
base plate (p4). (b) ~ (i) refer to results of Case 1~8 respectively.
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Figure 6: The simulated time-dependent temperature of reference points using TE-ROM and FOM under 6 cases
of Test B. The four detector points are set the same as Figure 5, referring to chip (p1), bonding wire (p2), solder

layer (p3) and base plate (p4).

As depicted in Figure 1, T-ROM uses estimated heat source based on IGBT output curve for fast
prediction, leaving out the electric field solution. To demonstrate the accuracy difference between

TE-ROM and T-ROM, Figure 7 shows the detailed temperature distribution along the length
direction of the bonding wires under Test A. In Figure 7, the prediction result of TE-ROM is more
consistent with the reference group of FOM compared with T-ROM. In T-ROM, the heat generation of
bonding wires is omitted so that the temperature along x is linear distributed, resulting in a great
deviation from real temperature distribution since the maximum absolute error reaching 7 K
compared to the total wire temperature drop of 25.14 K. The better agreement of TE-ROM result with
FOM in both temperature and temperature gradient distribution can be justified by two indexes:
mean absolute error (MAE) and coefficient of determination (R?). The MAE between TE-ROM and
FOM is reduced by averagely 76.41% compared with that between T-ROM and FOM, meanwhile the
R? between TE-ROM and FOM has improved from 0.6750 to 0.9842. This accuracy advantage is due to
a more comprehensive and precise heat source for TE-ROM considers the heat generation of the
whole electric field including bonding wires rather than T-ROM who only considers the chip heating.
The study also proves that although the heat generation of the bonding wires is only 1.8% of that by
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the chips, it still plays a decisive role in the temperature distribution of the wires, which should not be
omitted. Such an accurate temperature reconstruction of bonding wires could furthermore enhance
the prediction accuracy of the wires’ thermal stress, which results in the peeling and breakage of the
wires directly and affect their aging and life-span.

70000 = T-ROM
e O FOM
%

%= TE-ROM

Temperature (K)

0 1 2 3 4 5 6 7 8 9
x (mm)

Figure 7: The temperature distribution in the bonding wires, where the x axis is established along the length of

the wire.

4.3 Performance Efficiency Analysis

The order reduction of POD-Galerkin method brings dramatic acceleration to the calculation of
physical field compared with FOM. Table 5 shows the total time cost along with detailed comparison
of each operation within TE-ROM and FOM. Here, the speed up ratio is defined as the time cost of
FOM divided by that of TE-ROM. Comparing each item, the performance of TE-ROM is 432 times
faster in electric matrix construction and 162 times faster in the field solution because of the matrix
scale reduction from 160742 (grid number of the electric field) to 5. As for temperature field, the speed
up ratio of matrix construction and solution is respectively 254 and 169 due to the order reduction
from 396567 (grid number of the temperature field) to 10. As a reflection of comprehensive
performance, TE-ROM takes 15.18 s to calculate the temperature field of the IGBT module over 1000
iterations, representing 1/298 of the FOM's cost. As shown in Table 5, it takes TE-ROM only 0.0138 s
per iteration to calculate the full temperature field, which means a real-time prediction under a

timescale of 10-1 s can be achieved when the simulation time step is set above 0.0138 s.

Table 5: The Time Cost During Each Step Between TE-ROM and FOM.

FOM result TE-ROM result
. ] Speed up
Operation Full Time Order Time H
ratio
order cost (s) applied  cost (s)
Matrix
Stationary . 160742 228.5 5 0.5271 433
construction
electric field
Solution 160742 0.5290 5 0.0032 163
Matrix
. 396567 1963 10 7.726 254
Temperature construction
field Solution
. ) 396567 2.342 10 0.0138 169
(per iteration)
Total time cost of 1000 iterations
4534.5 15.18 298

(s)
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5. Conclusions

To achieve real-time temperature prediction in power electronic devices, we have presented a
reduced order model through POD-Galerkin projection method to solve coupling field of both the
electric and thermal field. The key of our methodology is the integration of the heating effect of the
electric field into thermal ROM, resulting in a more comprehensive and precise heat source
distribution calculated by the Joule effect of the electric field.

First, according to our performance tests, our model has demonstrated the novel accuracy and
efficiency for approximating the FOM. Compared to recent advancements [22], the accuracy of
TE-ROM is proved comparable to the latest research, with a maximum error of 1.65 K. However, our
model demonstrates a superior computational efficiency, achieving a speed-up ratio of 298, nearly
three-fold compared to the existing literature.

Then, an accuracy comparison between TE-ROM and existing T-ROM is discussed. Notably, the
TE-ROM has been proved more precise in prediction details compared with T-ROM, as the MAE of
wire-region reduced by 76.41% and R2 improvement from 0.6750 to 0.9842. The advancement of our
model is due to considering a more comprehensive and accurate heat source term from electric
heating effect, which also proves that the self-heating of bonding wires plays a vital role in their own
temperature field and should not be left out of prediction. The accuracy novelty could furthermore
facilitate thermal stress prediction of wires.

Finally, the absolute computation time of solution per iteration is a key index to test the ability of
real-time prediction. Our model has achieved an average time cost of 0.0138s for full-field output,
enabling real-time thermal prediction with execution times on the magnitude of 10-1 s for the global

field that outperforms the state-of-the-art results from the existing literatures.
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