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Computationally Efficient Dynamic Thermal Modeling Based on Dictionary
Learning Reconstruction
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Abstract—Accurate and rapid thermal estimation holds im-
mense significance in the analysis of power semiconductors under
long-term mission profile, reliability design, and real-time thermal
assessment. This letter proposes a novel paradigm shift for thermal
estimation of power semiconductors. First, long-term dissipation
data are transformed into a limited set of base pulses through
orthogonal decomposition. These base pulses are preconverted into
corresponding base temperatures, enabling the simplification of
long-term thermal estimation by efficient time-shifting and super-
position of these base temperatures. Meanwhile, to achieve desired
temperature estimation accuracy with a minimal set of base tem-
peratures, we further employ dictionary learning for optimization.
To validate the effectiveness of this approach, we compare it against
a commercial simulation software and two existing methods. The
proposed methodology demonstrates significant advantages in the
analysis of long-term mission profile. In addition, we conduct ex-
periments using three distinct standard driving cycles for electric
vehicles, all demonstrating the accuracy under highly dynamic
loading.

Index Terms—Dictionary learning,
superposition, thermal estimation.

long-term, shifting,

I. INTRODUCTION

ELIABILITY is a key performance for power electronic
R applications, such as photovoltaics, electric vehicles, and
wind power [1]. An essential challenge to evaluate the reliability
is the intensive computations of thermal estimation of long-term
mission profiles.
Junction temperature fluctuations stand as a primary con-
tributor to power device failures [2]. However, the effects of
junction temperature fluctuations induced by the fundamental
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frequency are always omitted when assessing reliability in long-
term mission profiles. In electric vehicles and traction systems,
the magnitude and frequency of the current change dynamically
as a result of sharp changes in speed and torque [3], [4], [S].
Moreover, in high-power applications, the junction tempera-
ture fluctuations caused by the fundamental frequency exhibit
notable periodic thermal patterns [6], [7]. Consequently, it is
imperative to consider these factors when conducting thermal
estimations for power semiconductors.

In existing studies, the most typical method for long-term
thermal estimation is based on a convolution of the power loss
and thermal impedance, while this approach is computationally
expensive. To address this challenge, the simplified methods
were proposed in [8] and [9]. Their prerequisite assumptions
are that the power loss is a periodic half-sine wave and can
be divided into equivalent square pulses. However, these as-
sumptions are not always valid in different applications [6]. In
addition, the method in [8] does not essentially solve the com-
putational burdens, which still relies on repeated convolution
and exponential calculations, and the details will be discussed
in Section II. A frequency-domain thermal modeling approach is
proposed in [10], which can significantly reduce the computation
time. Nevertheless, the performance is largely dependent on
the fine-tuning of the low-pass filter parameters used in the
modeling.

Essentially, the long-term mission profile analysis is process-
ing a long time-series signal. Having this understanding enables
us to broaden our perspective beyond the realm of power elec-
tronics and draw inspiration from other disciplines. For instance,
a profile reconstruction technique is used to extract meaningful
frequency features from the time series in mechanical engineer-
ing [11]. This method provides initial approximate profiles for
shape reconstruction, and has potential to reduce the computing
time. Moreover, dictionary learning is a powerful technique for
analyzing highly overlapping time series data and uncovering
the underlying structure [12]. By identifying the patterns and
features associated with time series signals, it is possible to
develop more accurate and efficient methods for reconstructing
or predicting future values.

This letter proposes a novel paradigm shift for thermal estima-
tion of power semiconductors. First, the limitations of existing
thermal modeling methods are presented. Second, a shift- and
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superposition-based profile reconstruction method is proposed,
and dictionary learning is used to achieve optimal profile re-
construction. Even though the part of results have previously
outlined in a conference paper [13], this letter provides a com-
prehensive discussion of proposed thermal profile reconstruction
method. Simultaneously, the following new results have been
incorporated:
1) two-step based profiles reconstruction method;
2) performance of dictionary learning results in accuracy and
efficiency;
3) efficiency comparison with three existing methods under
high precision;
4) dynamic profiles applied to case study.

II. LIMITATIONS OF CONVENTIONAL THERMAL
MODELING METHODS

Existing thermal models have been facing several problems in
accurately predicting the thermal behavior of electronic devices,
including the complexity of the calculations and the inaccuracy
of the models. In this section, two typical thermal modeling
methods and their limitations are presented.

A. Thermal Estimation by the Convolution Calculation

The typical thermal estimation can be represented as a convo-
lution of the power loss and thermal impedance, which is given
by

ATjo(t) = /0 t {dif)]  Zth(t — 2)dz 0

where Zth is the junction-to-ambient thermal impedance, P is
the instantaneous loss of IGBT or diode, and AT}, (t) is the
temperature fluctuation from junction to ambient.

However, the convolution calculation is computationally
heavy, especially for long mission profiles. This is because with
the increase of the set length, a longer convolution kernel hinders
the computational speeds, which is challenging for long-term
reliability analysis.

B. Simplified Thermal Modeling Method

In [6], a simplified transient thermal modeling method was
proposed. In this method, the half-sine loss curve is equivalently
divided into square pulses using the principle of equal area. This
division enables a simplified convolution operation since the
power loss is constant in each time interval. For a single layer
Foster thermal network, the temperature at the nth time period
is given by

ATjo(t) = ATju(n_1ye” 78 + P, Rth(1 — e 77)  (2)

where Rth and 7th are the thermal resistance and thermal time
constant, respectively. P, is the dissipated power in the nth
period, and AT)j,(,—1) is the temperature fluctuation at the end
of (n — 1)th period.

It can be noted that in (2), the simplified method does not
essentially overcome the challenge of convolution, which still
needs to repeatedly calculate the previous states and exponential
operations for each time point. As power consumption occurs
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Fig. 1. Schematic diagram of the proposed thermal modeling method and its
improved method, compared with the conventional convolution method.

periodically, the temperature of each heating period is deter-
mined through iteration and has a time ordered and continuous
pattern. Calculating temperature rise for longer time scales can
become increasingly complex and require a greater amount of
computation time. As shown in Fig. 1, to streamline the thermal
analysis process, this letter introduces a dictionary learning-
based thermal analysis method that is specifically designed for
long-term profiles.

III. PROFILE RECONSTRUCTION-BASED THERMAL
MODELING METHOD

A. Proposed Thermal Modeling Method

The power loss and thermal models, being linear systems,
have time-invariant properties and satisfy the superposition
principle, which making it well suited for reconstruction using
sparse linear combinations of short pulses [14]. Thus, this letter
proposes that thermal profile estimation can be achieved by
simply shifting and superimposing some base pulses, which can
essentially overcome the repeated convolution and exponential
calculations in the existing methods. To model this method, the
power loss P(t) can be represented as a linear combination of
N base pulses, which is given by

N-1
P(t)=> A;i-p(t—ixT) 3)
1=0
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Fig. 2. Schematic of signal sparse reconstruction and dictionary learning.

where p(t) is the base pulse of power loss P(t), 7 is the
corresponding duration, and A; is the amplitude of the ith base
pulse. It is worth noting that (3) is essentially different from the
simple division of (2). The proposed method is set to find the
orthogonal base pulses of a period of loss profile. The developed
pulse-based method is not limited to equal division or square
pulses as (2).

By identifying the base pulses, the corresponding base tem-
perature b(t) can be calculated through the thermal impedance,
which is expressed as

(t) thermal impedance b(ﬁ). (4)

The convolution and exponential calculations are only applied
for the conversion of the base pulses. The final thermal response
ATj,(t) can be reconstructed as a linear combination of a set of
b(t) with the different amplitudes, which is given by

N-1
ATjo(t) =Y Ai-b(t —ixT). (5)
=0

According to (1) and (5), it is clear that using the proposed
method, the convolution and exponential calculation between
power loss and thermal impedance can be largely eliminated,
reducing the computational burden of the thermal modeling
process.

Usually, the square pulse is acommonly used base pulse and is
obtained according to the principle of area equivalence, as shown
in Fig. 1. However, there is no evidence that this method of base
pulse selection is optimal. To further improve the computational
efficiency and accuracy of the proposed method, an improved
method based on dictionary learning is proposed.

B. Improved Thermal Model Based on Dictionary Learning

To find the most appropriate base pulse to represent the
power loss and thermal profile, a shift-invariant dictionary (SID)
learning approach is applied [12]. These base pulses are designed
to capture the important features of the time-series signals and
can be used to reconstruct the original signal in a simplified
and efficient way, as shown in Fig. 2. Based on the different
objective functions, dictionary learning can be divided into two
ways: sparsity-based and error-based.

. . 2 . <
min {|V - DAL}, stvifAl, <k ©)
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where Y is a set of training samples and D = [dy,da, . . .,dN]
is a dictionary learned from this training sample, A =
[a1,az,...,an]T is the coefficient matrix. ¢ is the maximum
allowable errors, and || A||p represents the zero-order norm,
which indicates the number of nonzero coefficients in A4, || - | »
is the Frobenius norm, and k is the allowable number of nonzero
elements in A.

The objective functions used for dictionary learning can either
be sparsity-based or error based. The sparsity-based optimiza-
tion reduces the computational burden, while the error-based
optimization increases accuracy. By using a given objective,
dictionary learning can automatically strike a balance between
these two factors, achieving both computational efficiency and
accurate predictions.

The error € between the training sample Y and the linear
combination of atoms Xp = Zf\; a; - d; in a fundamental
period can be defined as

max (Y) — max (Xp)

£ max (Y) ' ®

The time series data can be decomposed into a set of base
functions that represent precharacterized behavior, which only
needs to be done once during the whole modeling process. It
cannot be artificially designed, but rather is obtained through
the learning process.

To make the loss model closer to reality, a half saddle wave
can be used instead of a half sine wave. When comparing the
performance of traditional square pulses and dictionary-learned
atomic pulses in reconstructing thermal curves, it was observed
that both methods require dividing the loss into five pulses
in one cycle in Fig. 3(a). However, the base pulses learned
from the dictionary showed a more accurate reconstruction with
a smaller error compared with the traditional square pulses.
In Fig. 3(b), the improved proposed method using dictionary
learning requires only five base pulses to achieve the same level
of reconstruction error compared with the conventional method,
which requires eight base pulses. This reduction in the number
of base pulses results in fewer shifting and stacking operations,
leading to the improvement of computational efficiency.

In summary, dictionary learning is used to capture the proper-
ties of the profiles, so that no repeated calculations are required
when performing junction temperature estimation. The results
show that, with proper implementation, dictionary learning can
be a useful tool for reducing the computational burden and
improving the accuracy of thermal modeling.

IV. APPLICATION IN LONG-TERM THERMAL PROFILE

To appraise the accuracy and computation cost of the proposed
method, dynamic mission profiles covering current amplitudes
from 0 to 30 A and frequency from 0 to 50 Hz were employed.
For a fixed time interval, the calculation error decreases as the
frequency decreases. Consequently, utilizing variable time inter-
val pulses may offer a feasible method to optimize computation
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Fig. 3. Comparison of the reconstruction results of dictionary learning pulses
(orange) and square pulses (blue). (a) Under the same time. interval. (b) Under
a similar error. (k1,2: number of the base pulses, €1 2: error).

time during dynamic profile reconstruction. In this letter, the
fixed time interval pulse is used to simplify the modeling process.
To ensure a maximum allowable error of 1%, this letter utilize
the loss profile at 50 Hz as input for the process of dictionary
learning. By employing this input, the base pulses from the SID
are acquired, and the reconstructed profile is applied by shifting
and superposing the obtained pulses.

A. Benchmark of the Proposed Method With Three
Conventional Methods

The proposed method is compared with three existing meth-
ods, including commercial software tool (MATLAB/Simulink),
the traditional convolution method in (1), and the simplified
thermal model in [8]. Except for Simulink simulation, the other
three methods are implemented using MATLAB scripts, and all
evaluations are conducted on an i7-11800H laptop with 24 GB
RAM.

The comparison results are shown in Fig. 4. The time cost
in the proposed method involves two distinct time-consuming
steps: dictionary learning and superposition. Hence, the corre-
lation between computation time and profile periods is not a
straightforward ratio. For short-time load profiles (e.g., 10 s and
100 s), the proposed method does not show advantages due to the
initial dictionary learning time of 0.6 s. However, as the increase
in the length of the load profiles, the computation time has an
almost negligible increase compared to the other three methods.
It strongly demonstrates the superiority of the proposed method
for analyzing long-term mission profiles.
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Fig. 5. Photo of the experimental platform.

B. Verification Under Long-Term Profiles

To further verify the computational efficiency of the proposed
method, the dynamic profiles [15] are also applied to the exper-
imental platform, as shown in Fig. 5. A thermo-optical fiber is
used to measure the junction temperatures of the semiconductor
chips. Fig. 6 shows the comparisons of the junction temperatures
obtained from the proposed method and the measured under
the three different dynamic driving cycles HWFET, NYCC, and
UDDS.

The results in Fig. 6 indicate that the error in junction tem-
perature estimation varies across different driving cycles due to
the dynamic nature of speed and torque. However, all the errors
remain within the range of 1%. For example, for the profile
over 2000 s under the HWFET, the proposed method takes 3.4 s
only to complete the temperature estimation considering ther-
mal coupling. Meanwhile, the estimated result only has 0.66%
mean absolute percentage error (MAPE) with the measured
temperature.

V. DISCUSSION

A. Errors of Thermal Estimation

The essence of the proposed method centers on providing a
novel paradigm shift to achieve a computationally efficient ther-
mal estimation method. However, there are some limitations that
warrant further investigation. This letter primarily focuses on the
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Fig. 6. Comparison of measured and reconstructed junction tempera-
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thermal transient estimation based on the provided loss profiles
and thermal impedance parameters. Therefore, does not delve
into discussions regarding aging or the temperature-dependent
material effects on the modeling.

B. Feasibility Analysis of Thermal Estimation on
Microcontroller Unit (MCU)

This letter assesses the performance of the proposed method
in an offline mode, showcasing its notable computational effi-
ciency. Simultaneously, this fast calculation of junction temper-
ature paves the way for real-time online temperature prediction.
Consequently, we briefly investigate the feasibility of imple-
menting the proposed method in hardware.

First, given that dictionary learning primarily involves obtain-
ing features from the loss profile, its practical application may
use dictionary learning as a preprocessing step on the computer
side. Subsequently, the learned base pulses are encoded into
an array format in the MCU for subsequent access during
temperature calculations. Consequently, real-time temperature
predictions can be generated by retrieving temperature values
from the corresponding positions of the base pulses and the
provided loss data.

IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 38, NO. 12, DECEMBER 2023

VI. CONCLUSION

In this letter, the profile reconstruction method as a novel
paradigm shift is used to simplify the thermal modeling process
and provide a more efficient solution for predicting temperature
rise in power modules over extended periods. The proposed
method significantly reduces the computational burden while
maintaining the accuracy of the junction temperature predic-
tions, by avoiding the repetitive convolution and exponential
calculations. The sparse matrix is obtained by iterative of the
allowable error or sparsity, and linearly superimposed on the
dictionary to obtain the temperature response signals. To validate
the effectiveness, simulation and experiments are carried out,
and the results verified the feasibility of the method. In summary,
the proposed method performs well in improving the efficiency
of transient thermal analysis of power modules.
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