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A Time Series Characterization of IGBT Junction
Temperature Method Based on LSTM Network
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Abstract—Accurate junction temperature characterization
plays a critical role in the performance as well as reliability
enhancement design of Insulated gate bipolar transistor (IGBT)
modules. However, most current methods are only focused on
predicting the temperature at a specific time rather than tracking
its temporal variation. To address this challenging issue, we propose
a long short term memory (LSTM) neural network-based method
for predicting the junction temperature time series of IGBTs, and
it can comprehensively characterize the time-dependent junction
temperature according to the measured and validated experimental
results. As the convolutional neural network is limited in its ability
to remember temporal information, we integrate the LSTM net-
works for training, which can fast capture long-time dependencies
in the data. Therefore, we exploit the superior performance of
LSTM network for predicting the junction temperature of IGBTs
here. It is shown that there is a strong correlation between the
maximum junction temperature of IGBT and its parameters, such
as bus voltage, load current, carrier, and output frequencies, as well
asits heat sink parameters. By leveraging the LSTM-based method,
an accurate time series information of the junction temperature
is successfully captured under different operating conditions. No-
tably, in comparison with the current machine learning method,
the proposed method can outperform in the same training dataset.
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I. INTRODUCTION

NSULATED gate bipolar transistors (IGBTs) have been

widely used in various power electronic systems, due to their
high power densities, high efficiencies, fast switching speeds,
and flexible controls [1]. On the other hand, it is well known that
the fluctuation of junction temperature in an IGBT does affect
its operation performance [2], [3]. While the junction temper-
ature prediction of an IGBT can detect its potential operating
problems in advance. That is the main motivation behind this
research.

In general, there are four main approaches for obtaining
the junction temperature of IGBT modules: 1) direct device
measurement, 2) thermal model method, 3) temperature sensing
based on electrical parameters, and 4) prediction using machine
learning (ML) or artificial intelligence (Al) algorithm. In the
first approach, as shown in [4], it employs an infrared thermal
camera to directly measure the junction temperature of the
IGBT module. The junction temperature can be determined
by analyzing the phase difference of the heat wave and opti-
cal modulation [5]. Direct methods for detecting the junction
temperature include the use of a fiber-optic temperature sensor
[6] and a thermocouple [7], which involve physical contact
with the IGBT. In [8], the estimation of junction temperature
is performed by monitoring the negative temperature coefficient
(NTC) resistor within the IGBT. On the other hand, an online
estimation system based on the NTC method is developed in
[9]. These methods necessitate precise measurement devices
for achieving accurate results. The unpacking of an IGBT,
insertion of foreign matter and requirements of high-accuracy
devices make its junction temperature acquisition intricate and
high-cost.

As for the thermal model method, Cauer and Foster thermal
networks are commonly utilized. For example, thermal networks
with a 1-D structure have been established in the previous studies
[10], [11], [12], [13], such as lumped parameter thermal network
[14]. The 2-D thermal networks have also been proposed in [15],
[16], and [17], respectively, taking surface thermal parameters
into consideration. Furthermore, 3-D thermal networks have
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been developed as presented in [18], [19], [20], and [21], respec-
tively, which take into account both the vertical and horizontal
propagation of heat. On the other hand, in order to obtain the
thermal field distribution in an IGBT, well popular finite element
method [22], has often been employed to create cooling curves
of the junction temperature [23], transient temperature curves in
different layers [24], and transient thermal impedance curves
[25], [26]. In addition, some analytical methods have been
proposed for fast solving the heat-transfer equation utilizing
the Green’s function and Fourier series so as to fast obtain the
temperature data [27], [28], [29].

The third approach involves estimating the junction temper-
ature using temperature-sensitive parameters [30], including
static as well as dynamic parameters. The static parameters
include forward voltage drop [31], [32], short-circuit current
[33], [34], gate voltage [35], and flatband voltage [36]. The
dynamic parameters include turn-ON or turn-OFF delay time
[37], [38], collector voltage change rate during turn-OFF [39],
and turn-OFF voltage [40]. These methods can be employed
to analysis of the relationship between the device parameters
and its junction temperature for further predicting the thermal
effects.

The fourth approach to utilize ML and Al algorithms for
fast characterization of junction temperature of an IGBT. In the
previous studies, several Al algorithms have been developed
to estimate the working conditions and parameters of IGBTs,
as demonstrated in [41] and [42], respectively, where multiple
parameters were combined to train the neural networks (NNs)
in [43]. While in [44] and [45], NNs are trained with different
parameters, such as conductions and gate voltages to estimate
the junction temperature of an IGBT, respectively. In [40], the
junction temperature is predicated based on a convolutional
neural network (CNN) using the shut-OFF voltage values, while
the other method for temperature prediction is performed, but
without considering wire bond degradation [46]. Indeed, these
current ML and AI methods can be effectively employed for
predicting the junction temperature at a specific moment, but
they do not consider the junction temperature changes over
certain time.

We also would like to emphasize that the current ML and Al
methods are often used for predicting the junction temperature.
However, it is only suitable for single-point prediction, and
it lacks the capability for time series cases. To address this
limitation, it is known that long short-term memory (LSTM)
deep learning network can predict the junction temperature of
IGBT with time variation. It incorporates a feedback mecha-
nism, and it is commonly used in semantic recognition, medical
signal recognition [47], and communication signal prediction
and recognition [48], [49]. In comparison with the existing
prediction algorithms, such as CNN, decision trees, and particle
swarm optimization, LSTM demonstrates its superior perfor-
mance for forecasting the IGBT time series, due to its ability for
capturing temporal sequence characteristics [50], [51].

Therefore, this article presents an IGBT junction temperature
time series prediction method based on the LSTM network,
where the prediction of a complete time series enables a com-
prehensive reflection of the temperature changes in the IGBT.
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Fig. 1.

The prediction of the junction temperature of an IGBT without
direct observation can serve as a fundamental element for the
thermal management design of most power electronics mod-
ules. Through online IGBT prediction, anticipatory detection of
potential operational faults becomes viable, thereby facilitating
technical assistance for the advancement of IGBT digital twin
technology aimed at achieving synchronization between actual
system parameters and their digital counterparts. Additionally,
before training, we analyze and prioritize experimentally obtain-
able parameters for the IGBT, examine the dependence of the
IGBT junction temperature on each parameter, and verify the
results through experiments. This method offers the advantages,
such as easy application in engineering practice, prediction of
continuous temperature sequences, and high accuracy.

The rest of this article is organized as follows. In Section II,
the IGBT junction temperature affecting factors are described.
Furthermore, the principles of the LSTM network are explained
in Section III. In Section IV, the IGBT junction temperature
parameter dependence verification experiment is performed. In
Section V, the analysis of the predicted junction temperature is
carried out. Finally, Section VI concludes this article.

II. ANALYSIS OF IGBT JUNCTION TEMPERATURE AFFECTING
FACTORS

To predict the junction temperature of IGBTSs requires a
comprehensive analysis of its affecting factors. The careful
selection of independent parameters for predicting the junction
temperature plays a crucial role in enhancing the accuracy of
NN training. The high junction temperature of IGBT is mainly
contributed by its power loss, working environment, heat dis-
sipation conditions, and power supply fluctuations. We choose
one operating circuit of IGBT, i.e., a three-phase inverter system,
as an example plotted in Fig. 1, to show the parameter effects
on the junction temperature of IGBT.

Such a UVW three-phase inverter circuit comprises six groups
of IGBTs and a set of Freewheeling diodes (FWDs), with a phase
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Fig. 2. Diagram of subordinate relationship of an IGBT module loss.

difference of 60° between the current and voltage waveforms in
each group.

The module loss during operation is primarily categorized as
IGBT loss PigBT,10ss and FWD loss Prwp,loss- IGBT loss is
further categorized into conduction loss PiGBT,cond and switch-
ing loss PigpT sw, With switching loss being further divided
into turn-ON loss PigBT,on and turn-OFF loss PigeT,oft- The
FWD lossis divided into conduction loss PrwD cond and reverse
recovery loss Prwp rec. For ease of analysis, it is assumed that
the load current I.(¢) and the voltage of collector-emitter port
Vee(t) remains relatively constant within a switching period ¢ .
The attribution relationship of each loss is illustrated in Fig. 2.
For the IGBT conduction loss, we have

1 [
PIGBT7cond = T che(t)lc(t)dt
sw Jtq
to — 1t
= ‘/celcg — V::elcd (1)
tS’LU
where ¢ is the duty ratio, and V() is calculate by
‘/ce = Veeo + Icrce (2)

where V.. is the initial saturation voltage drop, and 7. is the
ON-resistance. According to the output characteristic curve in
the IGBT technical manual, both V..o and r.. can be fitted as

Veeo = 3

“

Veeo,25 + kiger,o (T — 25°C)
= Tec,25 + kIGBT,r (TJ — 2500)

Tce

where V... 25 and 7. are the initial saturation voltage drop and
ON-resistance at the junction temperature of 25°C, respectively.
kigeT,v and kigpT,, are the temperature correction coefficient,
and T} is the junction temperature.

The other important factor affecting the conduction loss is the
duty ratio. In the SPWM modulation, the sine wave expression
is described by Usmax - sin(wt), the triangle wave amplitude
iS Ucmax, and the period is t4,. Assuming that the sine wave
amplitude of IGBT primary switching time is a constant ap-
proximately, and it can be expressed as

to —t1
Ucmax + Usmax : Sin(w(tQ - tl))

tS’LU
B 2Ucmax (5)
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where t; and ¢, denote the turn-ON and turn-OFF time of IGBT
primary switch, respectively. Then, the duty ratio can be ex-
pressed as

_ to — 1 _ 1 + Ucmax/Usmax - sin(wt)

tsw 2
1+ msin(wt)
- 2
where m is the degree of modulation, and it can be calculated as

M = Ucmax /Usmax- The conduction loss of IGBT can be deduced
as

o(t)

(6)

PIGBT,cOnd -

1+ msin(wt)
2
1+ msin(wt)
> .

According to the same steps, the conduction loss of FWD
Prwp.1oss can be calculated, which is mainly related to the
load current, bus voltage, output waveform frequency, junction
temperature, modulation degree, saturation conduction voltage
drop, and conduction resistance.

The switching loss of IGBT can be obtained by fitting the
switching loss curve in the technical manual. By adding different
correction coefficients, the loss calculation can be more accurate.
While the switching loss of IGBT can be expressed as

I [Veeo,25 + kraer,v (Tj — 25°C)]

+ 102 [Tce,25 + kIGBT,T'(Tj - 2500)} (7)

Pigersw = PigBT,0n + PigBT 0ff = fswFswhkvkrkr

‘/d nv,. R NRg
= Jsw Aszchw ( - > ( - )
f ( ) Vdc,basc Rg,basc

X [1 + nr (Tj - Tj,base)] 3)

where f,, is the frequency of carrier signal and F,, is the fitting
expression based on the technical manual data. ky is the voltage
correction factor, kg is the resistance correction factor, and ko
is the temperature correction factor. Ay, and By, are the fitting
expression coefficient. Vg, is the bus voltage, R, is the gate
resistance, T} is the junction temperature, and Vi bases g bases
and T’ pase are the reference values in the manual, respectively.
NV,es MR, and np are the correction coefficients, respectively.
The reverse recovery loss of the FWD can be calculated by the
above method. The switch loss is mainly related to load current,
bus voltage, switching frequency, gate resistance, and junction
temperature.

In order to predict the junction temperature accurately, some
researchers often employ one thermal resistance network to
simulate the thermal effects in IGBT. With only the vertical heat
conduction within the IGBT module considered, the thermal
resistance network can be derived by assessing the system power
consumption, as depicted in Fig. 3.

Within an entire heat dissipation circuit, both IGBT and FWD
serve as heat sources, with heat being transferred to the substrate
through DBC and dissipated by coolant. In the diagram, the
heat dissipation capacity between the substrate and environment
varies based on the coolant temperature and flow rate, effectively
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Fig. 3.

Thermal resistance model of the IGBT operating circuit.

resembling variable thermal resistance and heat capacity. The
heat dissipation in the coolant can be described by the fluid
equation as

oT
pCpa—i-pCpﬁ-VT—i—V-?:Q )

where p is the fluid density, C, is the heat capacity, U is the fluid
velocity, @ is the heat source, and the heat flux 7 is described
by

qd =—kVT (10)

where k is the thermal conductivity. When the coolant temper-
ature in the water tank is increased, the temperature difference
between the coolant flow and the heat dissipation is reduced.
Therefore, the heat dissipation through the water flow is reduced,
while the junction temperature will be increased. Based on
the aforementioned analysis, the input parameters for the NN
prediction should include carrier frequency, load current, bus
voltage, output frequency, and IGBT heat sink related param-
eters, which includes water temperature, water pressure, and
water flow velocity in the IGBT heat sink channel.

III. FEATURE INFORMATION EXTRACTION METHOD BASED ON
LONG SHORT-TERM MEMORY NETWORK

A. Feedback Neural Network

Unlike the feedforward neural networks, feedback neural net-
works (FBNN) allow neurons to not only receive the signals from
the other neurons but also receive the feedback signals from their
own previous states. This memory function of FBNN enables it
to process continuous information with temporal characteristics
effectively.

The recurrent neural network (RNN) is the most represen-
tative type of FBNN, incorporating self-feedback loops and
repetition to retain characteristic information over time [52],
[53]. Ithas high efficiency in handling time series data, extracting
timing, and semantic information from training data effectively
[54]. However, it faces two significant challenges, as the length
of time series increases. At first, the front layers in the RNN stop
updating parameters effectively, as the learning rate decreases
during training, indicating that RNN possesses only short-term
memory. Second, it suffers from the gradient explosion with the
number of training layers, which is attributed to the backpropa-
gation training rule with a large number of chain derivatives.

To address the issues of gradient vanishing and explosion in
RNN, the LSTM network has been developed [48]. It employs a
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Fig. 4.

Structure of the LSTM cell.

different framework than that of the RNN for calculating the hid-
den layer states, thus overcoming the problems associated with
long-term time series information [55]. Therefore, the LSTM
network is utilized for predicting the junction temperature time
series, as it offers better training effects compared to RNN.

B. Structure of LSTM

LSTM has a chain network structure that repeats the NN
module, and it is called the LSTM cell. The LSTM cell has
three independent inputs: at the time ¢ network input variablez?,
at the time ¢ — 1 the LSTM output value ht~! and the timet — 1
LSTM cell state c¢!~!. Correspondingly, at the timet LSTM
output variableh!, and at the time ¢ LSTM cell state ¢! is used as
the cell outputs. The detailed of LSTM cell is shown in Fig. 4.

Such LSTM has three types of gate structures: 1) forgetting,
2) input, and 3) output gates for protecting and controlling the
cell states. The forgetting gate I' ; determines what information
should be discarded from the cellular state, where nonlinear
mapping is applied to filter the important features in the forget-
ting gate. Then, the output vector f; affects the cell state update,
and the vector f; can be obtained by

t
fr=Ts@" W) =0 <Wf : Ljf_l] + bf> (1D

where Wy and by are two training parameters of the network,
but Wy is not the common parameter for 2* and ', and o (-) is
the nonlinear mapping function.

The input gate determines, which new information should be
stored in the cell state. Similar to the forgetting gate, the sigmoid
activation function and the weight parameter are used to select
valuable features at the input gate, as given by

t
i =Ti(a" h" ) =0 (Wi : {h”fl] + bi) (12)
where W; and b; are two training parameters of the network, and
the update process is the same as above. The state of cell ¢! is
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calculated by forgetting and input gates, respectively, and
Ct — [Ff (l,t,htfl) ® thl] @ [Fz (xt,htfl) ® Et}

where ® represents the multiplication of the corresponding
elements in the matrix, & denotes the corresponding elements
addition, ¢tis the candidate of LSTM cell state, and

t
¢ = tanh (WC ‘ [hgf_l} + bc>

where .. and b, are two training parameters, and tanh(-) is the
nonlinear mapping function.

The output gate determines what value should be sent to
output, which is based on the cell state. Meanwhile, the output
of the previous cell will also be considered. The cell output h?
can be deduced as

ht = tanh(c') @ T, (zf, ')

13)

(14)

s)
and the output gate is written as
t

o, =Tz, W =0 (Wo . {hfl] + bo> (16)

where W, and b, are two training parameters.

Feature extraction of the training target is controlled and is
affected by the state of the cell control gate, where long-term
information can be remembered, and inessential one can be
forgotten. Compared with RNN, the LSTM network has better
performance in the long-term memory tasks. Especially, the
interior of the LSTM network consists of multiple cell splices,
and the connected layers are used at the input and output of the
LSTM cell.

The architecture of the network is shown in Fig. 5, with
the forward propagation process in the network demon-
strated. The input of the network at each step is given
by [yt eyt et e Y, and the [2), 2k, 2k, - 2k] de-
notes the number of the mth input features expressed by
TA,TB,TC, " Ly Inthe hidden unit, there are the LSTM cell

states at t — 1, where [p'; 1 Rl REY, - Rt is the LSTM
cell output at ¢t — 1, and m is the number of LSTM cell.
All features are linked to the LSTM cells using a fully con-
nected layer. It should be noted that [¢%,c%, ¢, - %] and
(1Y, h%, hY, - - hY ] need to be initialized before network train-
ing. Finally, the fully connected layer is used to transform the
LSTM cell output into the network output. Admittedly, there
are multiple control gate structures introduced into such LSTM
network. It leads to more parameters and makes the training to
be more difficult. So, the LSTM network training is very time
consuming.

C. Architecture of Time Series Prediction

Early attempts were made to predict the single point junction
temperature of IGBT. Here, the LSTM network is used as the
feature extraction for predicting the IGBT junction temperature
time series. It is worth mentioning that the other parameters can
be obtained in a convenient way.

Fig. 6 illustrates the flowchart for predicting the IGBT tem-
perature time series based on the LSTM network, where both
experimental test and theoretical analysis are conducted. The
IGBT thermal data are collected in our static experiment. Prac-
tically, the maximum junction temperature is a significant index
to observe the stable operation of IGBT. Its long-term high
temperature operation will lead to the aging of solder layer
and bonding wire. Therefore, its maximum junction temperature
time series prediction is very important for large scale IGBT
applications. The full maximum junction temperature waveform
is regarded as the inputs, and the temperature data is filtered and
regularized.

The effects of different parameters are examined according
to the equivalent IGBT module circuit. More easily available
parameters are selected to explore the IGBT heating effect. In
particular, load current, direct current side bus voltage, driver
carrier frequency, output electrical frequency, and the IGBT heat
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Fig. 6. Flowchart for predicting the IGBT temperature time series.

sink parameters are considered here. Based on theoretical anal-
ysis, the parameter-dependence of each parameter is tested and
examined, and all key parameters are selected by our analysis
and experiment, which is beneficial for the NN training.

As mentioned above, such LSTM network has better perfor-
mance for the long time series prediction. Here, both training
parameters and training data are treated carefully so as to achieve
better results. The junction temperature characteristics of IGBT
are extracted by using different nonlinear mapping functions in
the LSTM network. The full connection layer is used for network
feature transmission, and the NN back propagation updates and
iterates the network parameters. Through the LSTM network
training, our expected IGBT junction temperature time series
can be predicted accurately. Furthermore, the network can be
trained by the CPU to obtain the parameters of each hidden layer,
and it can be loaded onto the MCU to implement the monitoring
function.

IV. PARAMETER DEPENDENCE EXPERIMENT OF IGBT
JUNCTION TEMPERATURE

Building upon the analysis of affecting factors of IGBT junc-
tion temperature outlined in Section II, this chapter focuses on
the experimental validation, and it is affirmed that each parame-
ter exerts an independent influence on the junction temperature.

A. Experimental Test Bench

Fig. 7 depicts the experimental platform utilized for this study,
while Fig. 8 provides a detailed illustration of the internal test
platform, which exhibits the electrical connections correspond-
ing to the circuit displayed in Fig. 1. The reactive load employed
in the experiment is capable of withstanding the maximum
current of 1000 A and the voltage of 500 V. The driving circuit
consists of two separate resistors RigBT (on) a0d R1GBT (off) fOr

Key Parameters

Temperature
Control
equipment

High voltage DC power
supply

Fig. 7.

Photograph of the experimental test bench.

Thermograph

DC power
supplies

Drive signal
generator
IGBT module

Heat sink

Fig. 8.

Photograph of the internal test platform.
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TABLE I
INSTRUMENT AND TYPE OF EXPERIMENT PLATFORM

Instruments Types
Thermograph Fotric-616C
Bus capacitance DC1100V-750uF
Data processor IPC-610-L
Drive signal generator RP8060-DC6iCPP
Temperature control equipment JW-10KW-24R
IGBT module GCV560GT75FTHSH
Test platform RP8060-FA
DC power supply YLC072304023

turn-ON and turn-OFF operations, respectively. Both resistances
are chosen to be 6 and 12 €2, respectively.

In order to control the junction temperature of the IGBT, the
experimental platform incorporates a heat sink and temperature
control equipment. In addition, a thermograph is employed to
capture the temporal evolution of the IGBT temperature field.
It is important to note that the ambient temperature should be
maintained at a stable level, and the heat sink must be imple-
mented throughout the experiment.

In the static test of the IGBT, the voltage and current of
the device under test (DUT) can be adjusted within a wide
range. Here, the DUT used is the GCV560GT75FTH5H model
manufactured by the GRECON-semi. A dedicated test platform
is constructed to validate the proposed method for estimating the
IGBT junction temperature. The specific information regarding
the experimental instruments employed, along with their types,
is summarized in Table I.

The selection of training parameters has direct impact on the
training performance of NN. Here, we validate the relationship
among load current, direct current side bus voltage, driver carrier
frequency, output electrical frequency, heat sink-related param-
eters, and IGBT junction temperature through experiments. The
parameter-dependence analysis is conducted using the method
of control variables. The temperature curves are obtained from
the thermal field distribution videos of IGBT static experiments,
where the IGBT module is subjected to various operating con-
ditions until it reaches its stable state.

B. Effect of Load Current and Bus Voltage on IGBT Junction
Temperature

The IGBT Module GCV560GT75FTHSH is subjected to
testing. The correlation between bus voltage and junction tem-
perature is examined, where the load current of 100 A, the driver
carrier frequency of 11.5 kHz, the output electrical frequency
of 66 Hz, and the varying direct current side bus voltages of
380, 420, and 460 V are maintained, respectively. The pertinent
parameters of the system heat sink, including water tank tem-
perature, flow channel pressure, heat dissipation liquid flow rate
are remained to be constant, and one thermal imaging video is
captured. To investigate the dependence between bus voltage and
junction temperature, we analyze the recorded video and plot
the curves of time and junction temperature, with the highest
junction temperature selected and depicted in Fig. 9.

The results depicted in Fig. 9 clearly indicate a significant
increase in the highest junction temperature with the bus voltage
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increasing. These findings provide one strong evidence of the
strong correlation between the bus voltage and junction temper-
ature. On the other hand, we would like to indicate that these
results agree with the theoretical ones in Section II.

As illustrated in Fig. 10, it is evident that the junction temper-
ature escalates with an increase in load current, when the other
parameters and conditions remain the same. These experimental
findings emphasize the significant impact of bus voltage and load
current on the junction temperature. Both the maximum and the
overall junction temperature of IGBT module are affected by
these factors.

C. Effect of Driver Carrier Frequency and Electrical
Frequency on Junction Temperature

The IGBT Module GCV560GT75FTHSH is subjected to
testing. In this section, the driver carrier and output electrical
frequencies are investigated. To study the effect of the driver
carrier frequency, two different operating conditions of the IGBT
module are employed as dependent variables in the experimental
setup. Specifically, the direct current side bus voltage is set to
480V, the load current is set at 100 and 200 A, respectively. An
output electrical frequency of 66 Hz, and varying driver carrier
frequencies of 10.0, 11.0, and 11.5 kHz, respectively. Therefore,
changes in junction temperature under these different working
conditions are recorded, with the highest junction temperature
plotted against time in Fig. 11.

In Fig. 11, it is observed that the IGBT junction temperature
increases with the rise in the control signal carrier frequency
gradually, while keeping the load current constant. This observa-
tion further supports the findings in the previous section, which
indicates the load current effect on the junction temperature.
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Notably, as depicted in Fig. 11, the junction temperature is
additionally impacted by the carrier frequency. Thus, it can be
deduced that the effects of carrier frequency and load current on
the junction temperature are relatively independent variables.
These factors should be taken into account during network
training.

Similarly, the test for output electrical frequency is conducted,
the direct current side bus voltage is set at 420 V, the load current
is maintained at 100 and 200 A, respectively. The driver carrier
frequency is fixed at 11.5 kHz, and the output electrical fre-
quency is varied as 66, 166, and 266 Hz, respectively. The highest
junction temperature is monitored over the whole time, as shown
in Fig. 12. Similar to the aforementioned analysis, the output
electrical frequency can also affect the junction temperature of
IGBT module, building upon the effect of load current.

D. Effect of Heat Sink on Junction Temperature

In addition to the aforementioned parameters, it is important
to consider the heat sink conditions during the operation of the
IGBT module, as they have significant impact on the junction
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TABLE II
HEAT SINK PARAMETERS UNDER DIFFERENT IGBT WORKING CONDITIONS

Maximum Heat Average Heat
L Water tank R
Condition junction ten?pirraiw . sink heat sink sink
number temperature °C) flow temperature  pressure
(°C) (L/Min) (°C) (kPa)
1 1044 60 7.6 58.74 69
2 1104 66 7.7 64.91 69
3 1144 70 7.6 68.95 68
T T T T
o
° i
=
= -
2
@
3 Condition 1| -
=] Condition 2
S Condition 3| 7
60 1 1 1 1 1
0 5 10 15 20 25 30
Time (s)
Fig. 13.  Effect of the heat sink on the highest junction temperature.

temperature. The heat sink plays a crucial role in cooling the
circulating water during operation. Since the water has a high
specific heat capacity, and its temperature in the heat sink does
not remain stable at a fixed value. Consequently, the operating
parameters of the heat sink also affect the junction temperature
of IGBT module.

The experiment was conducted under specific operating con-
ditions, with the bus voltage of 420 V, the load current of 100 A,
the driver carrier frequency of 11.5 kHz, and the output elec-
trical frequency of 66 Hz. Three experiments were performed,
and various thermal variables including the maximum junction
temperature, water tank temperature, heat sink flow, average
heat sink temperature, and heat sink pressure were recorded and
summarized in Table II.

The time-dependent curve of the maximum junction temper-
ature is presented in Fig. 13, with the results of three different
operating conditions shown. It can be observed that there is
only a slight variation in the maximum junction temperature
for different heat sink parameters, which is consistent with
the theoretical analysis presented in the previous chapter. To
further analyze the effect of heat sink parameters on the overall
temperature of IGBT module, the temperature distribution of
the IGBT module on the higher temperature side was recorded,
when the junction temperature reached its maximum. The tem-
perature distributions under three different working conditions
are illustrated in Figs. 14, 15, and 16, respectively.

By comparing Figs. 14, 15, and 16, it can be observed that the
spatial distribution of the IGBT junction temperature remains
essentially unchanged, while the overall junction temperature
varies. This implies that the heat sink parameters do not sig-
nificantly affect the distribution of the junction temperature, but
has rather impact on the level of the junction temperature. These
findings hold significant reference value for the subsequent deep
learning training below.
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Fig. 14.  IGBT junction temperature distribution under Condition 1.

Temperature (C)
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Fig. 15. IGBT junction temperature distribution under Condition 2.

E. Effect of Module Aging on Junction Temperature

In the power cycle experiment of the IGBT module, its aging
effects results in an increased thermal resistance, and conse-
quently, raises its maximum junction temperature. Therefore, the
junction temperature varies among the IGBT chips with different
degrees of aging under identical operational conditions. How-
ever, upon testing the saturation conduction voltage drop across
all IGBT chips discussed in this study, significant variations were
observed in the saturation voltage drop between the chips. Not
only do the six IGBT chips within a module exhibit disparity, but
also chips within an identical IGBT module manifests significant
differences. These variations may stem from distinct operational
conditions governing each chip within the IGBT module. Such
phenomenon leads to varying degrees of aging. Furthermore,
limitations in the IGBT chip manufacturing process contribute
to pronounced discrepancies in the saturation conduction voltage
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Fig. 16. IGBT junction temperature distribution under Condition 3.

drop among the IGBT chips. Therefore, it is difficult to use a
unified standard to characterize the aging of the module.

In conclusion, our approach to predicting the junction temper-
ature of IGBTs does not incorporate aging-related parameters
as the inputs to network. Including such parameters would
introduce additional complexity in acquiring the input variables.
Instead, we gather junction temperature data from multiple
IGBT modules of identical types to enhance the accuracy of
the predicted junction temperature.

V. JUNCTION TEMPERATURE PREDICTION WITH EXPERIMENT
FOR VERIFICATION

A. Experimental Data Acquisition and Conversion

The IGBT module subjected to testing is under various con-
ditions, including different bus voltages, a range of load cur-
rents, variable carrier frequencies, and different output electric
frequencies. By altering these circuit parameters, the thermal
field distribution of the IGBT is obtained. The IGBT static
experiments are conducted with the aforementioned parameter
variations. After configuring the operating conditions, the IGBT
static test circuit is activated, and it is allowed to stabilize.
Its operational data, such as the effective value of the output
current, output frequency, and heat sink status, are recorded and
analyzed.

Itis important to provide certain special clarification regarding
the thermal imaging data of the IGBT. During the production
process of the IGBT module, silicone gel and epoxy glue are
used to ensure its electrical insulation and mechanical strength.
However, these two materials can reflect ambient light, thereby
affecting the acquisition of thermal imaging data. To mitigate
this issue, the silicone gel and epoxy glue are removed prior to
the experiment, and a uniform coating of black paint is applied
onto the module surface. This helps minimize the influence
of different materials within the module on thermal imaging.
In addition, the black paint provides insulation protection for
the IGBT and helps delay oxidation. Before-and-after photos
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Fig. 17.  Experimental module photos before (left) and after (right) processing.

TABLE III
PARAMETERS OF SIMULATION ENVIRONMENT

Items Configuration
Operating System Windowsl1
Deep Learning Framework MATLAB
Memory 16 GB
MATLAB version R2023a
CPU 13th Gen Intel(R) i7-13700

of the experimental module, showing the processing steps, are
presented in Fig. 17.

One thermal imaging video of the entire IGBT static test pro-
cess can be obtained using a thermograph. During the static test,
the water tank temperature in the temperature control equipment
is set to 65°C with a pressure of 70 kPa and a water flow rate
of 7.6L per minute. The experimental data are automatically
recorded via video interception, with recording commencing
when the IGBT module reaches its maximum temperature of
69.5°C and continuing until the temperature drops back to
69.5°C. The resulting video comprises a dot matrix with a
frequency of 20 frames per second. The maximum junction
temperature curve of the IGBT is extracted from the thermal
imaging video for NN training.

Apart from the hardware experimental facilities described
above, we also employ the LSTM NN training to predict the
IGBT junction temperature time series, with the training com-
puter parameters listed in Table III.

B. LSTM NN Training

Compared to the CNN network, the LSTM has the advantage
of being able to capture the information from both past and
future time steps and store the features within the network. In
our study, the input and output of LSTM NN trainings utilize
IGBT static test circuit parameters and thermal imaging results,
respectively. The network input features include the load current,
bus voltage, carrier frequency, output frequency, and heat sink
related parameters. The network output is the change in the
maximum junction temperature of the IGBT over time.

The LSTM prediction is divided into two models. The first
model involves the prediction with observed inputs, where the
actual results from the previous step are fed into the network
before the next prediction. This method is suitable for real-time
monitoring with high accuracy. The second method does not
require observations, where the training network directly pre-
dicts the output based on the given inputs, and it accumulates
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Fig. 19.  Curve of the loss function in the experimental tests.

errors as the length of the prediction sequence increases. This
method is suitable for situations where there is no real-time
output data, such as providing a reference for packaging and
reliability design.

In this section, the LSTM network prediction models with
no observed inputs are employed. The training set comprises
6336 sets of IGBT operating parameters, with the first 5696 sets
used for training and the remaining 640 sets for validation. The
test set consists of 640 data sets not included in the training
set. The single-step rolling prediction method is solely utilized
in the LSTM network prediction. To obtain multiple forecast
outputs, we perform consecutive forecasts while incorporating
the previously predicted values. In order to assess the prediction
performance of the LSTM networks, we examine three different
network hyperparameters: 1) the number of hidden layers, 2)
learning rate factor, and 3) the maximum number of epochs.
Multiple parameters, such as mean square error (MSE), root-
mean-square error (RMSE), and mean absolute error (MAE),
are utilized to evaluate the predicted results from the network.

The number of LSTM hidden layers refers to the number
of LSTM cells within the training network. Keeping the other
parameters in the NN unchanged, as well as the training and
test sets, we vary the number of hidden layers to explore its
impact on the prediction performance. Specifically, we set the
number of hidden layers to 5, 10, 20, 40, 60, 80, 100, 120, and
150. The tested results are presented in Table IV. Therefore, it is
evident that the network achieves optimal performance, when the
number of hidden layers is set to 100. The corresponding MSE
15 0.086265, RMSE is 0.28209, and MAE is 0.2004. In addition,
the RMSE of training set reduces to 0.1 after 56 iterations,
indicating that the network converges rapidly.

Subsequently, we examine the impact of the learning rate
factor on the LSTM network. The learning rate factor determines
the adjustment rate of gradient descent during our training. The
details of the test data are presented in Table V. In this test, the
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Fig. 21. IGBT operating condition of the predicted results (300 s).

number of hidden layers is set to 100, and different values of
the learning rate factor, namely 0.5, 0.6, 0.7, 0.8, 0.85, and 0.9,
are assessed for the LSTM network. From Table V, it can be
observed that the network exhibits optimal performance, when
the learning rate factor is set to 0.8. Moreover, when the number

IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 40, NO. 1, JANUARY 2025

50 100

150
Time (s)

300

50 100 200 300

150
Time (s)

Fig. 22.
results.

Error distribution of 300 s IGBT working condition in the predicted

150 | ¢
Actual
Proposed

140 FLE

130
120
110
100
90
80
70
60 = 1 1 1 1

300 400 500
Time (s)

Temperature (°C)

600

Fig. 23. IGBT operating condition of the predicted results (600 s).

TABLE IV
TESTING SET PERFORMANCE WITH VARIOUS NUMBER OF HIDDEN LAYERS

Numberof =y qp RMSE ~ MAE  RMSE<0.1
hidden layers

5 0.151650 0.36149 0.27335 483
10 0.099756  0.30081  0.19977 224
20 0.132460 033472 0.24930 116
40 0.096718  0.30326 0.19142 7
60 0.121300  0.33209  0.24392 58
80 0.101680 030374 022774 60
100 0.086265 0.28209  0.20040 56
120 0.087785 028804 020345 60
150 0.099032 03016 022337 64

RMSE<0.1 indicates the number of iterations when the error of training set
iteration is just less than 0.1 during the network training; MSE, RMSE, and
MAE refer to the error between the predicted result of the test set and the
true value.

of hidden layers is fixed at 100, adjusting the learning rate factor
has minimal effect on the convergence speed of iterations.
Finally, we investigate the impact of the maximum number of
epochs on the LSTM network. The maximum number of epochs
refers to the upper limit for the number of training cycles in the
LSTM network. In this test, the number of hidden layers is set to
100, the learning rate factor is 0.8, and the maximum number of
epochs is varied as follows: 100, 200, 300, 400, 500, 800, 1000,
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TABLE V
TESTING SET PERFORMANCE WITH VARIOUS LEARNING RATE FACTORS
g 0.014 —
go.012 carning MSE RMSE MAE RMSE<0.1
. 0.010 rate factor
£ 0.008 0.50 0.126550 0.32717 0.26661 57
3 0. 006 0.60 0.099581 0.29730 0.22017 56
P 0.70 0.117460 0.32030 0.25440 56
g 0' 000 0.80 0.094126 0.29382 0.21827 56
) 5 10 15 20 25 30 0.85 0.101160 0.29165 0.23003 54
Time (s) 0.90 0.136000 0.33484 0.25989 55
0. 14
50.12
50.10 . . .
20,08 a fixed dataset can be achieved through fine-tuning various
Z0.06 hyperparameters. As the dataset size increases, the network
E . . g, . . . .
s g 8; gains deeper feature learning capabilities, effectively mitigating
0.00 the overfitting.
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Time (s)
C. Performance Comparison of the Proposed IGBT Time
Fig.26.  Error distribution of high sampling frequency in the predicted results

under stable junction temperature.

and 2000, respectively. The results of the test are presented in
Table VI. The network demonstrates an optimal performance,
when the maximum number of epochs is set to 200. Once the
hyperparameter values for the LSTM network are determined,
the network is trained to fulfill the time series prediction of IGBT
junction temperature. A set of optimal prediction results within

Series Prediction Method and CNN Method

This subsection verifies the performance of the proposed
method for predicting IGBT junction temperature without ob-
served values. At the same time, under the same data set and test
set, the predicted effect of LSTM network and CNN network is
compared.

As each analysis presented in the previous section, the hy-
perparameters associated with the LSTM network training are
evaluated. In this phase of training, the number of LSTM hidden
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TABLE VI
TESTING SET PERFORMANCE WITH VARIOUS MAXIMUM NUMBER OF EPOCHS

Maximum
number of MSE RMSE MAE RMSE<0.1
epochs
100 0.101170 0.29246 0.23535 56
200 0.068732 0.25213 0.18683 57
300 0.117780 0.32277 0.24112 56
400 0.099288 0.29998 0.22611 58
500 0.111330 0.31308 0.23744 56
800 0.123960 0.32866 0.25879 57
1000 0.089429 0.28455 0.21772 56
2000 0.099235 0.30467 0.21382 58

layers is set to 100, the learning rate factor is 0.8, and the
maximum number of epochs is 200. The training dataset consists
of 6336 instances of IGBT operating parameters, with the initial
5696 instances being utilized for training and the remaining 640
utilized for validation purposes. Fig. 18 illustrates the curve
denoting the variation in RMSE values with the progress of
iterations, while the curve depicting the loss can be observed
in Fig. 19.

Based on the findings illustrated in Figs. 18 and 19, it
can be observed that the RMSE progressively decreases and
reaches the value below 0.1 after 60 iterations approximately.
Furthermore, the loss function exhibits a noticeable drop within
the initial 20 iterations. This phenomenon signifies that the
LSTM network possesses the capability to extract relevant fea-
tures from the training set, and learn the intricate relationship
between temperature variations and circuit parameters.

In order to ascertain the predictive effectiveness of the LSTM
network for predcting the IGBT junction temperature, we con-
ducted a comparison study by training a CNN network on the
same dataset, utilizing identical training and validation sets
employed during the LSTM training.

Furthermore, we performed an empirical evaluation of both
CNN and LSTM networks on an independent dataset that was
excluded from the training set. Fig. 20 portrays the comparison
results, wherein “NTC” represents the measured temperature of
the thermistor in the IGBT module. It is shown that the proposed
method can predict the junction temperature accurately, which
agrees the actual data curve very well. However, during instances
where there is a sudden rise or fall in temperature, there is a slight
discrepancy in the prediction. This quantitative effect can also be
drawn from Fig. 20, from whichtis clear that the predicted value
is very close to the actual one over a period of 5-27 s. Similarly,
at temperatures different from 100°C, some degrees of error
still persist. In overall, the proposed algorithm exhibits satisfied
performance across various working conditions, albeit with a
slight deviation when there are abrupt temperature fluctuations.

In order to comprehensively assess the testing process, we
divided it into two intervals based on the highest junction tem-
perature values: 110-150°C and 70-110°C. The corresponding
errors of the testing sets for these intervals are summarized in
Tables VII and VIII, respectively.

As depicted in Tables VII and VIII, the proposed method
outperforms CNN networks in both temperature ranges, as ev-
ident from the lower error values across all three types of error
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TABLE VII
PREDICTION ERROR AT HIGH JUNCTION TEMPERATURE INTERVAL

Method MSE RMSE MAE

CNN 1.7369 1.1823 0.2090

Proposed 0.5667 0.5578 0.0986
TABLE VIII

PREDICTION ERROR AT LOW JUNCTION TEMPERATURE INTERVAL

Method MSE RMSE MAE
CNN 2.6836 1.3800 0.2439
Proposed 0.1640 0.2034 0.0359

calculation methodologies. These notable reductions in error
substantiate the applicability and efficacy of the LSTM networks
for time series prediction of the IGBT junction temperature.
Thus, our proposed method holds immense potential for the
implementation in real scenarios.

D. Performance of the Proposed IGBT Time Series Prediction
Method for Continuous Long-Term Prediction

In the context of the IGBT online prediction NN, the model
encompasses amaximum of 43.3 thousand learnable parameters.
The training duration for processing 119 394 sets of training
data is 5736 s. Running on the device with parameters shown in
Table III, the average inference time of the network prediction
junction temperature is 0.019 s.

This section aims at evaluating the junction temperature pre-
diction performance of the LSTM network under prolonged
IGBT operating conditions using the observed value mode.
The predicted results for 300 s consecutive conditions, with
a sampling frequency of 1 sample per second, are illustrated
in Fig. 21. The error distribution of the predicted results for the
continuous 300-s condition is depicted in Fig. 22. In addition, the
predicted results and error distribution for the 600-scontinuous
IGBT operating conditions are shown in Figs. 23 and 24,
respectively.

E. Performance of the Proposed IGBT Time Series Prediction
Method for High Sampling Frequency Prediction

This subsection verifies the predicted effect of LSTM network
on the change in IGBT junction temperature under the condi-
tion of high sampling frequency. The junction temperature is
predicted under stable and unstable conditions with a sampling
frequency of 30 points per second, respectively. The predicted
results under the condition of stable junction temperature are
shown in Fig. 25, and the error distribution of the predicted
results is shown in Fig. 26. When both the output frequency
and the carrier frequency of the modulated signal are very low,
the IGBT junction temperature will jitter in a certain interval.
The predicted results of IGBT junction temperature instability
are shown in Fig. 27, and the error distribution is shown in
Fig. 28.
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VI. CONCLUSION

This article presents one LSTM-based method for accurately
characterizing the time series of IGBT junction temperature.
The training process involves systematically investigating and
validating the dependence relationship between experimental
parameters and IGBT junction temperature. The measured data
are utilized as the training set, while the carefully analyzed
parameters serve as the training parameters. Moreover, an exten-
sive exploration of different hyperparameters of NN is conducted
for optimizing the deep learning training scheme. The effective-
ness of the proposed method is substantiated by comprehensive
simulations and experiments.

In particular, the reliability and applicability of such an
IGBT junction temperature time series prediction method are
demonstrated through successful validation on the specific IGBT
modules. On the other hand, it should be noted that as we apply
the above method for training the other model, an appropriate
retraining and adjustment of the network should be required.
We would like to say that our method can not only predict the
junction temperature of IGBT in real time but also establish
the parameter-dependence verification for the other temperature
estimation method.
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