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Abstract—The detailed temperature field distribution of high-
power insulated gate bipolar transistor (IGBT) modules is impor-
tant information for the reliability analysis and thermal design of
power electronic systems and it is difficult to obtain quickly. This ar-
ticle proposes a hybrid model for temperature field prediction based
on dynamic mode decomposition (DMD) and deep learning for
IGBT modules. First, the IGBT temperature field (ITF) snapshot
is obtained through finite element simulation. Second, the DMD
is used to extract stable and unstable trends of the ITF snapshot,
and the future stable trend is predicted by recursion. Third, a deep
learning model autoencoder-long short-term memory is proposed
to predict the future unstable trend. Finally, the ITF prediction
snapshots are obtained by adding the future stable and unstable
trends. The proposed hybrid model prediction method realizes
precise ITF prediction and significantly reduces the computation
time. Experimental and simulation results validate the viability of
the proposed method.

Index Terms—Dynamic mode decomposition (DMD), finite
element method (FEM), insulate-gate bipolar transistor (IGBT),
temperature field prediction.

I. INTRODUCTION

INSULATED gate bipolar transistor (IGBT) serves as the
fundamental component of power electronic converters due

to its simple drive control, high state-current, and low state-
voltage [1], [2], [3]. Although IGBTs are highly robust, they
can experience catastrophic failures in field applications due
to extreme thermal stress [4]. Consequently, precise prediction
of the IGBT temperature field (ITF) is crucial for designing
inverters that are both safe and efficient [5], [6].
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The methods for ITF prediction can be broadly classified
into three categories: measurement method, thermal-impedance
model, and numerical method. Measurement methods for the
ITF are directly through experiments, including the thermal
sensor method and the infrared heat detection method. The
thermal sensor method utilizes the characteristic of a thermal
element that changes with temperature to measure it, but it must
be in complete contact with the semiconductor chip’s surface [7].
On the other hand, the infrared heat detection method applies an
infrared temperature measuring device to measure the junction
temperature of the IGBT module, which does not require con-
tact with the semiconductor chip and can provide temperature
distribution across the entire chip surface. However, the thermal
sensor method might introduce extra thermal impedance, and
the infrared heat detection method requires opening of the IGBT
package, which may damage the device or affect its performance
[8]. Moreover, this direct measurement method is intrusive and
inefficient, and data collection is a challenge [9].

Thermal-impedance models are easy to implement in circuit
simulation software, with relatively fast simulation speeds [10],
[11], [12], [13], [14], [15]. These models include the Foster and
Cauer models [10], normally represented by RC networks with
thermal resistance and thermal capacitance. The Cauer model
is based on the physical structure and material properties of the
module, allowing the temperature of each layer to be represented
[11]. Therefore, this model is relatively accurate but difficult to
construct. In contrast, the Foster model is an equivalent model
fitted from measurement or simulation results. The model is
easy to establish but can only express the temperature at the
measurement points. Additionally, three-dimensional (3-D) RC
lumped thermal networks have been proposed and improved,
considering the thermal coupling effects between the chip and
key layers, extending the thermal-impedance model from 1-D to
3-D [12]. However, the 3-D thermal-impedance model is com-
plex due to the need for a series of finite element simulations to
fit a large number of parameters [13]. Repeated modeling work is
required if the IGBT module or cooling conditions change. Due
to these characteristics, thermal-impedance models are mainly
used in long-term electro-thermal simulations to obtain junction
temperatures for lifetime prediction [12], [15].

Numerical methods have been used in most commercial finite
element simulation software, the finite element method (FEM)
is the most representative. The FEM discretizes the continuous
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region into a finite number of nodes and solve the node temper-
atures through differential equations to predict ITF. FEM can
handle the strong thermal coupling effect of IGBT modules, thus
having excellent temperature prediction accuracy [16]. Despite
the powerful capabilities of FEM, the heavy computational bur-
den of solving complex differential equations may hinder their
applicability [17], [18]. Unfortunately, IGBT modules normally
need to be divided into tens of thousands or even millions
of nodes to solve ITF through FEM, which requires hours or
even tens of hours of computational time [19]. To accelerate
FEM, the existing methods can be mainly classified into two
categories: 1) invasive methods and 2) noninvasive methods.
Invasive methods achieve accelerated computation by signifi-
cantly reducing the system’s degrees of freedom by projecting
high-dimensional finite element models onto low-dimensional
subspaces. Classical projection techniques, such as the Proper
orthogonal decomposition (POD) method [20], Krylov subspace
methods [21], and Galerkin projection method [22], are widely
employed in the construction of such models. However, these
methods require obtaining the full state equations of the FEM
simulation and calculating the parameters of all mesh point
equations, such as the thermal capacity matrix, thermal stiffness
matrix, and thermal load matrix, which brings a significant com-
putational burden to modeling. Noninvasive methods construct
reduced-order models through a data-driven method, avoiding
the strong reliance on control equations inherent in invasive
methods. Classical data-driven methods such as long short-term
memory (LSTM) [23], artificial neural networks (ANN) [24],
deep neural networks (DNN) [25], and Bayesian estimation (BE)
[26] have also been used in combination with the POD method
to construct reduced-order models. Although artificial intelli-
gence methods have strong advantages in prediction, captur-
ing long-term evolution characteristics requires a large amount
of sample data and extensive training to ensure prediction
accuracy.

To address the issues of high modeling complexity, heavy
computational burden, and long modeling cycles in existing
accelerated FEM methods, this article proposes a hybrid model
prediction method based on dynamic mode decomposition
(DMD) and deep learning for ITF prediction. The ITF snapshot
data from the FEM simulation is used to extract stable and
unstable trends of ITF by DMD. Then, the future stable trend is
predicted by recursion, and the future unstable trend is predicted
by the deep learning model Autoencoder-LSTM (AE-LSTM).
Finally, the hybrid model was used to predict future ITF with
a satisfactory error level. The primary contributions of the pro-
posed method include: 1) The proposed method significantly
shortens the computation time of FEM; 2) The proposed method
has higher prediction accuracy compared to the other prediction
methods; 3) The proposed method can obtain the entire ITF, not
just the junction temperature.

The rest of this article is organized as follows. Section II
describes the temperature field of the IGBT module. Section III
proposes a hybrid model prediction method based on the DMD
and deep learning model for the ITF prediction. Section IV
discusses the proposed method. Section V presents experiment
studies. Finally, Section VI concludes this article.

Fig. 1. IGBT module. (a) Physical structure. (b) Principal cross section.

Fig. 2. Finite element model of the IGBT module given in Fig. 1(a).

II. TEMPERATURE FIELD OF IGBT MODULE

This article uses a commercial IGBT module FF300R12ME4
as a sample, rated at 1200 V and 300 A. Fig. 1(a) shows its phys-
ical appearance and structural diagram, whereas its principal
cross section is shown in Fig. 1(b). The module FF300R12ME4
is a half-bridge configuration, which is composed of an upper
arm and a lower arm. The upper arm contains three IGBT chips
Q1–Q3 and three diode chips D1–D3 connected in parallel.
The lower arm contains three IGBT chips Q4–Q6 and three
diode chips D4–D6 connected in parallel. The IGBT chips and
diode chips are affixed to a direct bond copper (DBC), which is
composed of a top copper layer, a ceramic layer, and a bottom
copper layer, using chips solder. This DBC is then attached to
a baseplate using baseplate solder. In practical applications, the
module is mechanically fixed on the heat sink to enhance heat
dissipation efficiency.

To solve the ITF, a FEM discretizes the IGBT module into M
nodes, as shown in Fig. 2, numbered as node 1, node 2, …, node
M. The temperature Tn_ k of node k can be solved based on the
heat conduction equation [27] as

ρCp
∂Tn_k

∂t
= ∇ · (K∇Tn_k) +

Pn_k

Vk
(1)

where Pn_k is the power loss in the region where node k is
located, Vk is the volume of the region where node k is located,�
is the gradient operator, ρ is the material density, and K is
the material thermal conductivity. All node temperatures Tn_1,
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Fig. 3. Proposed hybrid model temperature field prediction method for the IGBT module.

TABLE I
MAJOR MATERIAL OF THE IGBT MODULE

Tn_2, …, Tn_M constitute the ITF TFEM as

T FEM = [Tn_1, Tn_2, . . . , Tn_M ]. (2)

III. PROPOSED HYBRID MODEL TEMPERATURE FIELD

PREDICTION METHOD

Normally, several hours of computation time are required for
the FEM to obtain the ITF, due to the complexity of the FEM
model. To reduce the ITF computation time, this article proposes
a hybrid model temperature field prediction method using the
snapshot data obtained from FEM, as shown in Fig. 3, which
includes Stage-1 (ITF snapshot obtaining based on 1FEM),
Stage-2 (Stable trend and unstable trend extraction based on
DMD), Stage-3 (Future stable trend prediction based on Re-
cursivon), Stage-4 (Future unstable trend prediction based on
AE-LSTM). Finally, the future stable and unstable trends are
added to form the ITF prediction snapshot.

A. Stage-1: ITF Snapshot Obtained Based on FEM

In this article, the commercial software ANSYS provides a
solver for FEM. In ANSYS, the finite element model of the
IGBT module shown in Fig. 2 is constructed, and the material
parameters are set, as shown in Table I. Normally, the equivalent
heat transfer coefficient is used as a simplified thermal boundary
condition to represent the heat dissipation capability of the heat
sink [28]. The chip (Q1–Q6, D1–D6) regions of the IGBT are
set as heat sources, and the power loss Px of chip x (x = Q1–Q6,
D1–D6) is loaded into the heat source.

To verify the accuracy of the FEM model, the junction-case
thermal resistance curve from the datasheet is used to compare
with the junction-case thermal resistance curve obtained from
the FEM model. The junction-case thermal resistance curve
ZthJC in the FEM can be calculated by

ZthJC(t) =
Tj(t)− Tc(t)

P (t)
. (3)

Fig. 4. Thermal resistance curve from the datasheet and the FEM model.

Fig. 5. Sample temperature data matrix TSTDM for ITF.

The junction temperature Tj is the average transient temper-
ature on the surface of the parallel IGBT chips in the FEM
simulation model, and the case temperature Tc is the average
temperature on the outer surface of the baseplate in the simu-
lation model. Fig. 4 shows the junction-case thermal resistance
curves from the datasheet and obtained from the FEM model. It
can be seen that the error in the junction-case thermal resistance
curves is very low, thus verifying the accuracy of the FEM
model.

In ANSYS, the FEM can obtain all node temperatures
TFEM = [Tn_1, Tn_2, …, Tn_M] based on (1) and Table I. Based
on TFEM, the IGBT temperature data of nodes 1 to M are
sampled with the sampling interval of Δt, as shown in Fig. 5.
The temperature data of all nodes at the ith sampling instant is
output as a snapshot TFEM_i, which is expressed as

T FEM_i =

⎡
⎢⎢⎢⎣
TFEM_i(1)

TFEM_i(2)
...

TFEM_i(M)

⎤
⎥⎥⎥⎦ (4)

where TFEM_i(k) is the temperature data of the node k (1≤k≤M)
at the ith sampling instant. The n snapshots T FEM_1∼T FEM_n

are sampled with sampling range St = n·Δt, to form the sample
temperature data matrix (STDM) TSTDM as

T STDM = [T FEM_1, . . . ,T FEM_i, . . . ,T FEM_n]
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=

⎡
⎢⎢⎢⎣
TFEM_1(1) TFEM_2(1) · · · TFEM_n(1)

TFEM_1(2) TFEM_2(2) · · · TFEM_n(2)

...
...

. . .
...

TFEM_1(M) TFEM_2(M) · · · TFEM_n(M)

⎤
⎥⎥⎥⎦ .

(5)

B. Stage-2: Stable Trend and Unstable Trend Extraction
Based on DMD

The STDM TSTDM is used to extract stable trends and un-
stable trends, which are divided into two time-window matrices
TSTDM_x and TSTDM_y given as

T STDM_x = [T FEM_1, . . . ,T FEM_i, . . . ,T FEM_n−1] (6)

T STDM_y = [T FEM_2, . . . ,T FEM_i+1, . . . ,T FEM_n] (7)

where TSTDM_x represents a time window matrix containing
snapshots from the first to the nth instant, and TSTDM_y rep-
resents a time window matrix containing snapshots from the
second to the (n+1)th instant.

In the ITF linear system where material parameter changes
are ignored, there exists a best-fit dynamic matrix S that can
map approximately TSTDM_x to TSTDM_y, as

T STDM_y ≈ S · T STDM_x (8)

with

T FEM_i+1 ≈ S · T FEM_i. (9)

Here, the dynamic matrix S in (9) can be decomposed into
superposition of r (1≤ r ≤ n) order of ITF dynamic modes
(DMs) ϕ1∼ϕr as

S =

r∑
j=1

λjϕjϕ
+
j (10)

whereϕj
+ is the generalized inverse ofϕj (j= 1, …, r), λj is the

coefficient of the DM ϕj. The DM ϕj (j = 1, …, r) represents
the temperature distribution information over the nodes 1∼M of
the IGBT module at a specific frequency fj and a specific growth
rate gj, where fj and gj can be obtained by{

gj = Re(ln(λj)/Δt)
fj = Im(ln(λj)/(Δt× 2π)).

(11)

The DMD is widely used for modes extraction of data in fluid
dynamics, disease modeling, and finance, with the advantages
of accuracy and efficiency [29]. The DMD is applied to obtain
DMs ϕ1∼ϕr based on (6)–(10), and the specific calculation is
given in the Appendix. In the DMs ϕ1∼ϕr, as shown in Fig. 6,
the DMs with (gj = 0) and (fj = 0) are selected as stable DMs
ϕs by (11) as

ϕs = [ϕs1,ϕs2, . . . ,ϕsk] (12)

while other modes are classified as unstable modes. The stable
modes remain constant and unaffected by time during the evo-
lution of ITF. The unstable modes exhibit oscillatory growth or
decay during the evolution of ITF.

Fig. 6. DMs and the coefficients for the STDM.

Fig. 7. Prediction principle of the future stable trend.

Based on (9), (10), and (12), the stable trend T̄ STDM and
the unstable trend T̃ STDM of the STDM TSTDM in (5) can be
obtained as⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

T̄ STDM = [T̄ FEM_1, . . . , T̄ FEM_i, . . . , T̄ FEM_n]

=

⎡
⎢⎢⎢⎣
T̄FEM_1(1) T̄FEM_2(1) · · · T̄FEM_n(1)

T̄FEM_1(2) T̄FEM_2(2) · · · T̄FEM_n(2)
...

...
. . .

...
T̄FEM_1(M) T̄FEM_2(M) · · · T̄FEM_n(M)

⎤
⎥⎥⎥⎦

T̃ STDM = T STDM − T̄ STDM

= [T̃ FEM_1, . . . , T̃ FEM_i, . . . , T̃ FEM_n]

(13)

with

T̄ FEM_i=
k∑

j=1

λ
(i−1)
sj ϕsjϕ

+
sjT̄ FEM_1, (1 ≤ i ≤ n) (14)

where T̄ FEM_i and T̃ FEM_i is the stable trend snapshot and the
unstable trend snapshot at the ith sampling instant, respectively.
T̄FEM_i(k) is the temperature data of the node k at the ith sampling
instant for the stable trend.

C. Stage-3: Future Stable Trend Prediction Based on
Recursion

The future stable trend T̄ pred can be predicted by recursion
due to its efficient computational performance, as shown in
Fig. 7, where the T̄ pred can be obtained based on the stable trend
T̄ FEM_n, (9), (10), and (12), as

T̄ pred = [T̄ pred_n+1, . . . , T̄ pred_i, . . . , T̄ pred_z]
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Fig. 8. Proposed unstable trend prediction method based on the AE-LSTM model.

=

⎡
⎢⎢⎢⎣
T̄pred_n+1(1) T̄pred_n+2(1) · · · T̄pred_z(1)

T̄pred_n+1(2) T̄pred_n+2(2) · · · T̄pred_z(2)
...

...
. . .

...
T̄pred_n+1(M) T̄pred_n+2(M) · · · T̄pred_z(M)

⎤
⎥⎥⎥⎦
(15)

with

T̄ pred_i =

k∑
j=1

λ
(i−n)
sj ϕsjϕsj

+T̄ FEM_n, (n+ 1 ≤ i ≤ z) (16)

where T̄ pred_i is the future stable trend snapshot at the ith
prediction instant, and T̄pred_i(k) is the temperature data of the
node k at the ith prediction instant for the future stable trend.

D. Stage-4: Future Unstable Trend Prediction Based on
AE-LSTM

The future unstable trend T̃ pred is proposed to be predicted by
the deep learning model AE-LSTM due to its excellent feature
extraction and feature learning capabilities [30]. Fig. 8 shows the
proposed future unstable trend prediction method based on the
AE-LSTM model, which consists of three parts: the encoder
of the AE model, the LSTM model, and the decoder of the
AE model. In the AE-LSTM model, the compression features
(CFs) XCF for the unstable trend T̃ STDM obtained from (12) are
extracted by encoder first; the future CFs Xpred are predicted
by LSTM second; and the future unstable trends T̃ pred are
reconstructed based on the Xpred by Decoder finally, as follows.

1) CFs XCF Extraction by Encoder: To extract accurate CFs
XCF, the weight matrix (R, R’) and bias matrix (c, c’) in the
AE model are iteratively optimized by the adaptive learning
method [30], until the mean absolute error (MAE) between the
new unstable trend T̃ AE obtained based on the CFs XCF and the
original unstable trend T̃ STDM is less than given threshold value
β(AE), as

MAE(AE) =
1

n

n∑
i=1

|T̃ FEM_i − T̃ AE_i| < β(AE) (17)

with

T̃ AE = δ(R′ ·XCF + c′)

= [T̃AE_1, . . . , T̃ AE_i, . . . ,T̃ AE_n] (18)

where T̃ AE_i is the new unstable trends at the ith sampling
instant. δ is an activation function.

Based on the optimized R and c obtained from (17) and (18),
the CFs XCF for unstable trends T̃ STDM with dimensions of u×n
can be extracted as

XCF = δ(R · T̃ STDM + c)

= [XCF_1,XCF_2, . . . ,XCF_n]

=

⎡
⎢⎢⎢⎣
xCF_1(1) xCF_2(1) · · · xCF_n(1)

xCF_1(2) xCF_2(2) · · · xCF_n(2)

...
...

. . .
...

xCF_1(u) xCF_2(u) · · · xCF_n(u)

⎤
⎥⎥⎥⎦ (19)

where XCF_i is the CFs at the ith sampling instant, and xCF_i(k)

is the kth CF at the ith sampling instant.
2) Future CFs Xpred Prediction by LSTM: Fig. 9 shows the

future CFs prediction process based on the LSTM model. To
accurately predict future CFs Xpred, the CFs XCF in (19) are
used as the training data to optimize the LSTM model iteratively.
In Fig. 9(a), during the training stage, the CFs XCF are firstly
rearranged using the sliding window (SW) algorithm to generate
(n-m) SWs (SW1, …, SWi, …, SWn-m) of training CFs, where
the SWi consists of the CFs [XCF_i, XCF_i+1, …, XCF_i+m-1]
from the ith to the (i+m-1)th sampling instant.

In Fig. 9(b), the SWi = [XCF_i, XCF_i+1, …, XCF_i+m-1]
are fed into the LSTM model, which consists of LSTM units
i∼(i+m-1) as shown in Fig. 9(c) and a fully connected layer,
and the predicted CF Xpred_i+m (i≤n-m) can be obtained by

Xpred_i+m = W y · hi+m−1 + by (20)
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Fig. 9. Future CFs prediction process based on the LSTM model. (a) Sliding window algorithm principle. (b) LSTM model. (c) LSTM unit.

with⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

f i+m−1 = σ(W fhhi+m−2 +W fxXCF_i+m−1 + bf )

ii+m−1 = σ(W ihhi+m−2 +W ixXCF_i+m−1 + bi)

C̃i+m−1 = tanh(W chhi+m−2 +W cxXCF_i+m−1 + bc)

Ci+m−1 = f i+m−1 · C̃i+m−2 + ii+m−1 · C̃i+m−1

oi+m−1 = σ(W ohhi+m−2 +W oxXCF_i+m−1 + bo)

hi+m−1 = oi+m−1 · tanh(C̃i+m−1)

(21)

where the hidden state hi+m-1 and the cell state Ci+m-1 store
short-term memory information and long-term memory infor-
mation, respectively. fi+m-1 is the Forget gate filtering out
irrelevant information. ii+m-1 is the Input gate decided, which
new information is stored. oi+m-1 is the Output gate decided
the output information. σ is the sigmoid function. Tanh is the
hyperbolic tangent function. The weight matrix W [Wfh, Wfx,
Wih, Wix, Wch, Wcx, Woh, Wox, Wy] and the bias matrix b
[bf, bi, bc, bo, by] in (20) and (21) can be iteratively optimized
using the adaptive learning rate method, until the MAE(LSTM)

between the predicted CF Xpred_i+m and the actual CF XCF_i+m

(i≤n-m) is less than the given threshold valueβ(LSTM), as shown
in (22) and Fig. 9(b)

MAE(LSTM) =
1

n−m

n−m∑
i=1

|XCF_i+m

−Xpred_i+m| < β(LSTM). (22)

In Fig. 9(a), during the prediction stage, based on the op-
timized W and b obtained from (20)–(22), the future CF
Xpred_i+m (i>n-m) at the (i+m)th prediction instant can be
obtained by feeding the future SWi = [Xpred_i, Xpred_i+1, …,
Xpred_i+m-1] into LSTM model. Finally, the future CFs Xpred

(Xpred_n+1, …, Xpred_z) can be predicted by constantly updating
the inputs of the LSTM model using the SW algorithm shown
in Fig. 9(a), given as

Xpred = [Xpred_n+1, . . . ,Xpred_i, . . . ,Xpred_z]

=

⎡
⎢⎢⎢⎢⎣
xpred_n+1(1) xpred_n+2(1) · · · xpred_z(1)

xpred_n+1(2) xpred_n+2(2) · · · xpred_z(2)
...

...
. . .

...
xpred_n+1(u) xpred_n+2(u) · · · xpred_z(u)

⎤
⎥⎥⎥⎥⎦
(23)

where the xpred_i(k) is the kth future CF at the ith prediction
instant.

3) Future Unstable Trends T̃ pred Reconstruction by Decoder:
In Fig. 8, based on the future CFs Xpred (Xpred_n+1, …, Xpred_z)
obtained from the LSTM model, the future unstable trends
T̃ pred(T̃ pred_n+1, …,T̃ pred_z) can be reconstructed by

T̃ pred = δ(R′ ·Xpred + c′)

= [T̃ pred_n+1, . . . , T̃ pred_i, . . . ,T̃ pred_z]

=

⎡
⎢⎢⎢⎣
T̃pred_n+1(1) T̃pred_n+2(1) · · · T̃pred_z(1)

T̃pred_n+1(2) T̃pred_n+2(2) · · · T̃pred_z(2)
...

...
. . .

...
T̃pred_n+1(M) T̃pred_n+2(M) · · · T̃pred_z(M)

⎤
⎥⎥⎥⎦
(24)

where T̃ pred_i is the future unstable trend snapshot at the ith
prediction instant, and T̃pred_i(k) is the temperature data of the
node k at the ith prediction instant for the future unstable trend.

The weight matrix R’ and bias matrix c’ are obtained by
iterating from (17) and (18).

E. Proposed Hybrid Model Prediction Method

Fig. 10 shows the proposed hybrid model for ITF prediction,
where the STDM TSTDM is obtained from the FEM simulation.
Based on the TSTDM preprocessed by (5) and (6), the DMsϕ can
be obtained by (28)–(33). Based on the DMs ϕ, the stable mode
ϕs can be selected by (11) and (12). Based on the stable modeϕs,
the stable trend T̄ STDM can be obtained by (14), and the unstable
trend T̃ STDM can be obtained by (13). Afterwards, based on the
T̄ STDM, the future stable trend T̄ pred can be predicted by (16).
On the other hand, the T̃ STDM is used to train the AE model by
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Fig. 10. Flow chart of the proposed method for ITF prediction.

(17) and (18) until the MAE(AE) is less than β(AE). Based on the
trained AE model, the CFs XCF can be obtained by (19). The CFs
XCF are rearranged by the SW algorithm. Then, they are used
to train the LSTM model by (20)–(22) until the MAE(LSTM) is
less than β(LSTM). Based on the trained LSTM model and SW
algorithm, the future CFs Xpred can be predicted. Afterwards,
based on the future CFs Xpred, the future unstable trend T̃ pred

can be obtained by (24). Finally, the ITF prediction snapshots
Tpred can be obtained by adding the future stable trend T̄ pred in
(15) and the future unstable trend T̃ pred in (24) as

T pred = [T pred_n+1,T pred_n+2, . . . ,T pred_z]

= T̄ pred + T̃ pred (25)

where Tpred_i is the ITF snapshot at the ith prediction instant.

IV. DISCUSSION OF PROPOSED METHOD

A. Performance Evaluation of Proposed Method

In this section, a power loss case is used to evaluate the
performance of the proposed method. Normally, power cycling
temperature tests are conducted with a single switch consisting
of chips connected in parallel [31]. Here, the upper-arm chips
consisting of Q1–Q3 in the IGBT module FF300R12ME4 shown
in Fig. 1 are used as an example for ITF prediction. To simplify
the actual transient power loss of the IGBT module in the

TABLE II
PARAMETERS OF SIMULATION SYSTEM

Fig. 11. Prediction results. (a) Stable trend prediction. (b) Unstable trend
prediction. (c) Comparison of the results of the proposed method and the FEM.

inverter, an equivalent power loss curve can be considered [32],
which is a sinusoidal half wave as

PUI =

{
Ppeak · sin(2πfpt) PUI > 0
0 PUI ≤ 0

(26)

where PUI is the total power loss of the upper-arm IGBT chips
Q1–Q3, Ppeak is the amplitude, fp is the equivalent frequency.
To simplify the analysis, the power losses between parallel chips
Q1–Q3 are considered to be evenly distributed. Thus, the power
loss Px of each chip in the upper-arm IGBT chips is PUI/3.
Table II shows the used simulation parameters.

The parameters based on Table II were used to predict ITF
snapshots by the proposed method and the FEM, respectively.
Fig. 11 shows the temperature prediction results at the center
point of chip Q2 by the proposed method and the FEM. Fig. 11(a)
shows the prediction result of the future stable trend by the DMD.
Fig. 11(b) shows the prediction result of the future unstable trend
by the AE-LSTM. It can be seen that the future stable trend
is a linear rising process, while the future unstable trend is an
oscillating process that both rises and falls. Fig. 11(c) shows the
prediction results by the proposed method and the FEM. It can
be seen that the prediction results of the proposed method and
the FEM method are very close to each other.

Fig. 12(a) and (b) shows the ITF snapshot at t = 15 s from
the proposed method and the FEM, respectively. It can be seen
that the temperature responses of the three parallel chips (Q1–
Q3) are different due to thermal coupling effects. The highest
temperature of chip Q2 is higher than that of chips Q1 and
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Fig. 12. ITF prediction snapshots. (a) From FEM. (b) From the proposed
method. (c) Cross-section temperature snapshot. (d) Error snapshot.

TABLE III
TIME COST OF THE PROPOSED METHOD AND THE FEM METHOD

Fig. 13. Time cost of the proposed method and the FEM.

Q3. Additionally, within the same chip, the temperature dif-
ference can reach nearly 4/K. Fig. 12(c) shows the cross-section
temperature snapshot obtained from the proposed method and
FEM. Fig. 12(d) shows the error snapshot comparing these two
methods. The maximum temperature error is less than 0.2/K,
and the errors are relatively uniformly distributed in space. The
error results show that the proposed method can almost precisely
predict the entire ITF.

B. Computational Time of Proposed Method

The computational time of the proposed method and the FEM
are compared. The ITF predictions of the proposed method and
the FEM were carried out on a desktop equipped with an Intel
Core I7-1200K CPU. Table III shows the computation time
required for the proposed method and the FEM. It can be seen
that the main computational time of the proposed method is con-
centrated in the sample snapshots obtaining stage and AE-LSTM
model training stage, as shown in Fig. 13. However, once the
training phase is completed, the proposed method is significantly
faster than the FEM. In summary, the total computation time of

TABLE IV
COMPARISON WITH EXISTING TEMPERATURE PREDICTION METHODS

the proposed method is only about 20% of the FEM, which
greatly improves the prediction efficiency of ITF.

C. Comparison of Prediction Methods

Table IV compares existing ITF prediction methods with
the proposed method. The 1-D Foster model [8] and the 1-D
Cauer model [2] can be quickly obtained through datasheets
or experiments, but they are not precise due to not considering
thermal coupling effects, and they can only obtain the average
junction temperature. The 3-D Foster model [33] and 3-D Cauer
model [12], [13] can be obtained by FEM and the modeling time
increases exponentially with the model order. These two models
cannot reach a high prediction accuracy due to the complex
thermal coupling effects and they cannot be used for thermal
analysis due to the unavailability of cross-section temperatures.
The FEM can precisely predict the temperature field due to
its ability to handle complex thermal coupling effects, but its
prediction efficiency is low. However, the proposed method
can quickly obtain the entire temperature field information and
almost achieves the same prediction accuracy as the FEM due
to its excellent feature extraction and learning capabilities of the
hybrid model.

In addition, data-driven methods are used to accelerate finite
element simulations. The current mainstream data-driven meth-
ods primarily combine POD and artificial intelligence methods.
Zhou et al. [23] used POD combined with LSTM to accelerate
FEM simulations. Allabou et al. [24] used POD combined with
ANN to accelerate FEM simulations. Additionally, DNN [24],
and BE [25], radial basis function (RBF) [34] have also been
used in combination with POD to construct accelerated FEM
models. The current mainstream data-driven methods have three
main limitations: requires a large amount of sample data; large
cumulative error in prediction; calculations take a long time. As
a comparison, the proposed method decomposes sample data
into stable and unstable trends, amplifying the characteristics of
both trends, allowing the model to accurately extract temperature
field evolution features from a small amount of sample data.
This reduces the required sample data and greatly improves
the computational efficiency and prediction accuracy of the
proposed method.

To further verify the advantages of the proposed hybrid pre-
diction model, it is compared with the DMD prediction model
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Fig. 14. Temperature prediction results at the center point of chip Q2 for
different models and FEM. (a) AE-LSTM model. (b) DMD model.

TABLE V
RRMSE FOR DIFFERENT MODELS

and the AE-LSTM prediction model. All models were tested
using the parameters in Table II. The relative root-mean-square
error (RRMSE) is used to evaluate the error between the FEM
and the three prediction models, as

RRMSE =

√
‖ T FEM − TModel ‖22

‖ T FEM ‖22
(27)

where TModel is the ITF snapshot obtained from the three pre-
diction models, respectively, TFEM is the ITF snapshot obtained
from FEM simulation. ||·|| is the two-Norm of the matrix. The
smaller the RRMSE, the higher the prediction accuracy of the
prediction model, and vice versa.

Fig. 14 shows the temperature prediction results at the center
point of chip Q2 under the FEM, AE-LSTM, DMD, respectively.
It can be seen that the prediction error of the DMD model and
the AE-LSTM model gradually increases with the increase of
the prediction horizon. In contrast, the prediction error of the
proposed model remains very small, as shown in Fig. 11(c).
Table V shows the RRMSE for different models, where the
RRMSE of DMD model is 0.0106, the RRMSE of AE-LSTM
model is 0.0113, and the RRMSE of the proposed hybrid model
is 0.0012. Thus, the prediction accuracy of the proposed hybrid
model is higher than DMD model and LSTM model. Addition-
ally, Table V shows the computation times of the three models,
which are very close to each other.

D. Robustness Evaluation of Proposed Method

To verify the robustness of the proposed method to the pa-
rameters shown in Table II, three different cases are considered.
In Case 1, the amplitude Ppeak in (26) is changed. In Case 2, the
amplitude fp in (26) is changed. In Case 3, the sampling range St
is changed. Table VI shows the RRMSE corresponding to Cases
1∼3.

It can be observed the RRMSE remains at the same error
level in Cases 1 and 2, which indicates that the proposed method
is almost unaffected by the amplitude and frequency of power
loss. In Case 3, the RRMSE decreases with the increase of the

TABLE VI
RRMSE OF DIFFERENT CASES

Fig. 15. Experimental platform. (a) Experimental setup. (b) Topology of
experimental setup.

TABLE VII
VERIFICATION EXPERIMENT DESCRIPTION

sampling range St and maintains at a very low level. Therefore,
it is recommended to increase the sampling range St, if more
accurate prediction results are needed.

V. EXPERIMENTAL VERIFICATION

The experimental setup, as shown in Fig. 15(a), involves an
IGBT module, which is colored black and serves as the device
under test (DUT). This DUT is maintained in an “on” state by
a voltage source. An aluminum heat sink with dimensions of
122 × 62 × 60 mm is installed under the DUT. The surface of
the heat sink has dense fins to increase the heat dissipation area,
and an axial fan generates a uniform airflow with a velocity of
2 m/s. A power supply is used to generate a constant current,
thereby inducing power loss in the DUT. This power loss can
be quantified by multiplying the current with the conduction
voltage drop across the DUT. The power loss on the DUT can be
modulated by applying a pulsewidth modulation (PWM) signal
to the switch. An IR camera is used to capture the transient
processes of the ITF. A basic power cycling test circuit topology
for the IGBT was used for the experiment, as shown in Fig. 15(b).

The experiments were conducted under four operational
cases, including different power losses and PWM signals with
different frequencies and duty ratios, as shown in Table VII.
IR camera captures and stores ITF cloud images at a sampling
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Fig. 16. Comparison results using four operational cases given in Table VII.
(a) Case Ⅰ. (b) Case Ⅱ. (c) Case Ⅲ. (d) Case Ⅳ.

TABLE VIII
MAXIMUM ERROR FOR FOUR DIFFERENT OPERATION CASES

frequency of 30 Hz. In the proposed method, the material
properties of the heat sink and the IGBT module are the same
as those used in the experiment. Air cooling is simulated by
setting up a fluid domain on the surface of the heat sink and the
module, with an airflow speed set to 2 m/s. The heat exchange
process under forced air-cooling conditions is simulated using a
fluid-structure coupling method. The model is set with boundary
conditions consistent with the experiment to ensure the accuracy
and credibility of the simulation results.

Fig. 16 compares ITF snapshots obtained from the experi-
ments and the proposed method, where four cases in Table VII
are considered. The ITF snapshots obtained by the proposed
method are very close to the experimental results. In all four
experimental results, the temperature at the center of Q1 is
almost higher than that at the center of Q3, which may be due
to uneven heat dissipation caused by the lack of thermal grease
between the heat sink and the IGBT module. Fig. 17 shows the
transient prediction results at the maximum temperature point. It
can be seen that the transient error between the proposed method
and the experimental results is very small, verifying the accuracy
of the proposed method.

Table VIII shows the maximum absolute errors between the
experimental results and the proposed method. The maximum

Fig. 17. Comparison of the proposed method with experimental results.
(a) Case Ⅰ. (b) Case Ⅱ. (c) Case Ⅲ. (d) Case Ⅳ.

errors under the four operational cases are 0.2/K, 0.3/K, 0.2/K,
and 0.4/K, respectively. These errors could be due to the natural
convective heat transfer from the surface of the open IGBT mod-
ule that is exposed to the air during the experiment. This factor
has not been accounted for in the proposed method’s model,
which might result in overestimated temperature predictions.
In conclusion, the experimental data aligns closely with the
predicted results.

VI. CONCLUSION

This article proposes a hybrid model prediction method based
on DMD and deep learning for ITF prediction. The ITF snapshot
data from FEM simulation is decomposed to extract the stable
trend and the unstable trend of ITF using DMD. Then, the
future stable trend is predicted by recursion and the future
unstable trend is predicted by deep learning model AE-LSTM.
Finally, the hybrid model successfully predicts the ITF with an
acceptable error level. The proposed method almost achieves
the same prediction accuracy as FEM but with only 20% of
the computation time. The proposed method can obtain all the
temperature field information, not just the junction temperature.
It is worth mentioning that the proposed method applies not
only to the ITF prediction but also to the temperature field
prediction of other power electronic devices, including trans-
formers, inductors, capacitors, silicon carbide devices, and so
on.

APPENDIX

CALCULATION STEPS OF DMD METHOD

Step-1: To avoid dealing with a large-size matrix, trun-
cated singular value decomposition [31] is applied for STDM
TSTDM_x as

T STDM_x ≈ ŨΣ̃Ṽ∗. (28)

Here, Ũ�C
m×r and Ṽ �C

n×r are singular vector matrices,
respectively. ∗ is the conjugate transpose.

∑̃
�C

r×r is the sin-
gular value diagonal matrix, given as

Σ̃ = diag[σ1σ2 . . . σi . . . σr](σ1>σ2> . . .>σr) (29)
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where σi is the singular value. To improve the computational
speed, the r (1≤ r ≤ n) largest singular values and the corre-
sponding singular vectors are truncated. The r is recommended
to be half the number of sampled snapshots n [35].

Step-2: According to (8) and (28), the dynamic matrix S can
be obtained as

S = T STDM_yṼ Σ̃
−1
Ũ ∗. (30)

Step-3: The dynamic matrix S in (30) is projected onto Ũ to
obtain a similar low-dimensional matrix S̃ given as

S̃ = Ũ
∗
SŨ = Ũ

∗
T STDM_yṼ Σ̃

−1
. (31)

Step-4: According to the similarity property of matrices, the
dynamic matrix S and S̃ have the same coefficient matrix λ.
Based on (31), the coefficient matrix λ of the dynamic matrix S
can be obtained by a spectral decomposition of S̃ given as

λ = W−1S̃W

= diag[λ1λ2 . . . λj . . . λr] (32)

where W is the eigenvector matrix of S̃.
Step-5: Based on (30) and (32), the modes matrix ϕ �C

m×r

of the dynamic matrix S can be obtained as

ϕ = T STDM_yṼ Σ̃
−1
W

= [ϕ1ϕ2 . . .ϕj . . .ϕr] (33)

with

ϕj =

⎡
⎢⎢⎢⎣
ϕj(1)

ϕj(2)

. . .
ϕj(m)

⎤
⎥⎥⎥⎦ . (34)
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