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Abstract—In automotive and industrial domains, the “’health
monitoring” or ’condition monitoring” of electronic devices is
gradually playing a key role in manufacturing processes and
innovation roadmaps. The concept of health monitoring is often
related to the so-called residual lifetime” of the monitored
system. In this work, the authors have designed a deep learning
system for the health monitoring of power devices in Silicon
Carbide (SiC) technology used in the Traction Inverter Sys-
tems of the latest generation electric cars. A Temporal Fusion
Transformer embedding such layers of Temporal Convolutional
Network with a Multi-Head Attention block for the robust
lifetime assessment of SiC power devices, is proposed. Specifically,
the designed system predicts such future samples of the ON-
state voltage between drain and source of the low-side part
of the SiC power module Vdsrs, in half-bridge configuration.
Extensive literature confirmed that the Vdsps signal can be
efficiently used as a robust predictive device-degradation marker.
Through the learning of the temporal feature relationships at
different scales and the intelligent selection of relevant input
features, the proposed solution will discard unnecessary input
dynamics building a multi-step predictive model of the Vds;s
signal, significantly more performing than the existing state-of-
the-art architectures. The proposed deep pipeline has been tested
on several ACEPACK™ DRIVE SiC power modules delivered
by STMicroelectronics, with an average error of about 0.2%,
confirming the effectiveness of the proposed system.

Index Terms—Temporal Fusion Transformer, SiC Power Mod-
ule, Device Health Monitoring

INTRODUCTION

SILICON Carbide (SiC) power devices and modules are
recently finding a wide application in the realization of power
systems for the industrial and automotive fields [1], [2]. This
extensive use of SiC technology devices is mainly triggered by
their interesting properties and resistance to operating modes
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both at high temperature and at high switching frequency
[3]. Thanks to the extreme compactness and high-efficiency
of the SiC power devices, automotive designers have greater
flexibility in vehicle integration, cooling system design, battery
pack sizing, etc. Anyway, the growing use of SiC-based
electronic power systems in various automotive applications
- with special focus to electric vehicles - have made their
reliability a main priority for the automotive industries [4].

Area reduction and higher temperature capability require
to SiC power devices package to withstand higher power
density with respect to Silicon (Si) counterparts [5]. Operative
conditions, like device temperature swing during active cycle,
can trigger interface degradation like wire bonding lift-off,
which impact directly device on-state drain-source resistance
[6].

If a component or a subsystem of a power electronic system
shows an abnormal behavior, it may compromise the correct
working of the whole system. For automotive applications,
these undesired behaviour can have a significant impact on
traction-system safety resulting in an impact on the overall
safety of the car. For instance, in hybrid electric vehicles, a
fault in a SiC power devices-based systems can certainly have
an impact on the car cooling system and therefore on the whole
electric car-engine performance with a consequent impact to
the driving safety.

In this contribution we mainly refer to modular power sys-
tems in SiC technology. SiC power modules are key systems
embedded in the latest generation of electric cars as they
are the electronic heart of the vehicle’s traction inverter [3].
The worldwide exponential increase in vehicle electrification
puts the design of cost-effective and robust traction inverters
into focus. Consequently, the implementation of robust SiC
power modules equipped with a health-monitoring system
that promptly reports degradation processes is of considerable
strategic importance both for the market and for improving
safety in the automotive field. Intelligent health monitoring
system for SiC power devices to check time-by-time the
degradation level of the device has been investigated by the
authors of this contribution.

Starting from a careful examination of the prior art, we
have investigated the electric car development scenario and
the related necessity to monitor the state of degradation and
the residual lifetime of the SiC power modules embedded in
the car traction system.
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Through artificial intelligence techniques, specifically
through architectures based on composite deep learning back-
bones, the authors correlated the dynamics of a specific voltage
signal of the power modules with the residual lifetime of the
power device, thus allowing an early diagnosis of degradation
useful for performing any device recovery operations or device
replacement.

This proposed scientific contribution is organized as fol-
lows: in the section “Introduction to the Traction Inverter
and Power Modules”, a summary overview of the working-
mode of the traction inverter and the role of the power
modules in SiC technology will be discovered, contextualizing
a specific application and specifying the testing methodology
from which the validated dataset was obtained. In the "Related
Works” section, the main methods proposed in the scientific
literature for the predictive characterization of the residual
lifetime of a power device will be analysed.

In the “Materials and Methods” section, the proposed
pipeline and the learning phase of the designed deep learn-
ing model will therefore be described in detail. Finally, in
the “Experimental Results” section, the experimental results
obtained in the tested application scenario related to the
prediction of the residual lifetime of the SiC Power modules
will be presented. The layout of the present contribution will
be completed by the section ’Conclusion and Future works”
which will include a discussion of the results obtained as well
as the research road-map of the proposed solution.

INTRODUCTION TO TRACTION INVERTER AND SIC POWER
MODULES

As introduced, the application scenario of this contribution
is the traction inverter system of the electric car. Electric and
hybrid vehicles require a traction inverter to convert DC energy
from the high-voltage battery to the three-phase AC energy
used to drive the traction motor. Traction inverters are typically
capable of transferring power in the 20 to 100 kW range, with
switching voltages in the 200 V to 800 V range and currents
in the hundreds of amperes [7]. The traction inverter function
is accomplished using six switches embedded in the high-side
and low-side parts (and for each phase) of the internal power
device. In Fig. 1, an overall diagram of a modern electric
vehicle embedding a traction inverter system is reported [7].

The weight and power losses inside this component as
well as the considered implemented battery voltage, have a
direct impact on road performance, mileage and reliability
of the whole vehicle. The main part of inverter is the power
module, which is made by several semiconductor devices. It
reproduces the desired electric topology and allows electric
power transformation, which is the product of current and
voltage with high conversion efficiency. As reported in Fig.
1, the traction inverter embeds such electronic sub-systems.
In Fig. 2 a detail of a traction inverter system embedding the
ACEPACK™ DRIVE power modules, is reported. The control
is implemented by the automotive-grade SPC58 series mi-
crocontroller delivered by STMicroelectronics. ACEPACK™
DRIVE represents the leading SiC power product in electric
traction, delivered by STMicroelectronics [7].
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Fig. 1. Electrical Vehicle sub-systems with a detail of the Traction Inverter

In order to boost the performances of entire inverter, it
is of paramount importance to optimize power module effi-
ciency. In this framework, SiC device-based power modules
are spreading in the automotive market [8]. When Silicon
Carbide (SiC) semiconductors are used as switches, the overall
system efficiency is improved by allowing higher operating
temperatures and switching frequencies [9]. On the other hand,
as mentioned before, SiC power devices should handle me-
chanical and thermal stress during normal operations. Indeed,
these converters must handle high power and currents along
with the associated Electro Magnetic Compatibility (EMC)
challenges as well as provide fail-safe operation to ensure
dependability and safety for the driver and passengers. More
details about electo-mechanics features of the ACEPACK™
DRIVE devices.

The ACEPACK™ DRIVE power modules for traction in-
verter applications shows a minimized stray inductance and
boosted speed capabilities. The used topology of the power
module is a ”Sixpack” type. Each switch is made by different
SiC MOSFETs paralleled. Liquid coolant directly in contact
with the pin-fins of module’s baseplate ensures an excellent
thermal management and therefore durability. Moreover, ded-
icated components and processes were designed to optimize
the whole product performances. As instance, silver sinter-
ing die attach material was selected to guarantee a regular
bond line thickness and to optimize reliability and thermal
resistance thanks to its excellent properties with respect to
more conventional soft soldering alloy [10]. Moreover, active
metal brazed substrates were used due to the high thermal
conductivity of their dielectric layers (Si*N**) and due to
the high reliability performance of metal-dielectric joint. In
Fig. 3 we have reported the electrical scheme of the used
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Fig. 2. Overview Scheme of the Traction Inverter System embedded in a Electric Vehicle
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Fig. 3. ACEPACK™ DRIVE SiC Power Module with a detail of its electrical
scheme

ACEPACK™ DRIVE SiC power device with a detail of the
related 3D representation of the device. A real representation
of the tested power module is reported in Fig. 4.

In order to characterize the electrical and structural robust-
ness of the SiC power module, several tests must be performed,
as described by standards guidelines like AQG 324 [11].
Although of interest for the present scientific contribution, the
validation methodology of the SiC power module is the so-
called Power Cycling [11]. It is an accelerated aging method-
ology of the power device aimed at highlighting the reliability
performance over time due to thermal stress generated by
device self-heating. In fact, power cycling is an active test, in
which the device is cyclically heated by DC current and chilled

Fig. 4. ACEPACK™ DRIVE SiC Power Module

by a liquid coolant. Device is heated by conduction losses and,
indeed, thermal stress is generated at material’s interfaces due
to the mismatch of coefficients of thermal expansion. The main
parameters that determine stress induced on power module are
the dies’ temperature swing, the maximum dies’ temperature
and the current forcing time [12]. Test procedure and execution
are regulated by AQG 324 guideline [11].

A critical topic of power cycle is the monitoring of electric
quantities (drain current and drop voltage) and temperature
reached by devices under test [11]. For electric parameters,
dedicated instruments measure in real time voltages Vgs (i.e.
the Gate-Source voltage) and Vds (Drain-Source Voltage) and
current of the drain terminal of the device (Id). These param-
eters are controlled cycle-by-cycle in order to detect if end-
of-life criteria, for the tested SiC power modules, are reached.
During the cooling phase, in the case of SiC device, body-
diode source-drain voltage (Vsd) is also measured. Thanks to
the well-known relationship between Vsd and temperature, the
device’s temperature is estimated as “virtual junction tempera-
ture” [13], [14]. The picture of power cycle bench considered
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Fig. 5. Power Cycle Test-bench

for this activity is depicted in Fig. 5. In the specific framework,
power cycling is employed considering temperature swing of
100 °C, maximum die temperature of 150 °C and current on-
time of 3.5 s. Device self-heating is accomplished driving the
Vgs to positive value, much higher than threshold value, and
“virtual junction temperature” is monitored during the off-
state, applying a negative voltage of -8 V. Negative value is
needed to ensure that sensing current flows across the body
diode. The tested SiC power modules are configured in Half-
bridge configuration in which we can identify a low-side and
high-side part respectively [7]. For each module, one switch
from low-side is placed in series with a switch of different
phase placed in the high-side part of the device.

In Fig. 3 an ACEPACK™ DRIVE SiC Power Module in
half-bridge configuration is reported. We identify the low-side
area in the part of the module closest to the battery terminals.

At the end of the power cycling, the SiC power device
will be brought to the end-of-life using the aforementioned
accelerated aging approach. The end-of-life of the power
module is characterized by a degradation of the interface
which can be seen by a significant increase in the resistance
between drain and source Rdson. Specifically, a significant
drift of the Rdson equal to or greater than 5 % is considered a
confirmation of electrical death of the device with consequent
impossibility of use or recovery. Considering that the practical
measurement of the Rdsony involves the measurement of
voltage and current in the bridges of the module, the voltage
between the drain and source of the bridge (low-side or high-
side i.e. Vdspgs or Vdspygs respectively) is often used as a
proportional end-of-life marker, as it is directly proportional
to the Rdspon. In Fig. 6 an instance of the Vdspgs with a
detail of the drift in correspondence with the end-of-life of
the device is shown.

During this phase the characteristic thermo-electrical vari-
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Fig. 6. A time-windows of the Vdsy g with detail of the signal-drift

ables of the device will be collected by the Power Cycle test-
bench (see Fig. 5) software system. Specifically, the following
information will be collected during the power cycling of
the power module: the voltage between drain and source of
the low-side and high-side switches respectively (Vdspg or
Vdsps), the junction temperature and the drain current.

Therefore, from this validation system based on power
cycling induced accelerated aging, we were able to collect
the dynamic of the Vdsps or Vdspyg throughout the test-
ing process. Obviously, these voltages are closely related to
the degradation process which is generated in “accelerated”
modality to validate the robustness of the power module within
acceptable times.

Therefore, the goal of this scientific contribution is to design
an artificial intelligence model capable of generalizing, in a
real application-automotive context, the correlation between
Vdsps or Vdsps and power module end-of-life obtained
in a power cycling scenario. The following sections, after
a brief examination of the state of the art, will present
the implemented deep model and the experimental results
collected after its validation.

RELATED WORK

The identification of such predictive degradation markers
(and then, residual lifetime estimators) for electronic devices,
has been extensively investigated in scientific literature due to
the significant impact that such discovery would have in the
industrial fields. As widely treathed in [15], Artificial Intelli-
gence is also largely used in power electronics, by applying
existent models and solutions to specific use cases. Even if
some of these solutions are applied to electronic devices of
various kinds, the reported methods can certainly be extended
to power devices and therefore to the case herein analyzed .
An interesting overview of the lifetime-estimation methods for
power converters is reported in [16]. The authors preliminary
investigated different kinds of failures as well as the physical
mechanisms that generate these failures. Subsequently, they
investigated the problem of predicting the residual lifetime of
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power converters both at “component level” and at “system
level”. At the component level, were investigated the use of
three types of lifetime prediction methods: Random Failures
Lifetime Prediction Methods, Wear-out Failures Lifetime Pre-
diction Systems (both Model-driven and Data-Driven) and
finally Hybrid Lifetime Prediction Methods. The latter cate-
gory include the usage of both statistical approaches and such
machine learning solutions based on the use of Artificial Neu-
ral Networks, Fuzzy-based methods, Support Vector Machine
(SVM) and so on. The authors concluded for higher efficiency
and precision of the hybrid methods than the others. At
system level, they analyzed three different approaches: Relia-
bility Block Diagrams (RBD), Fault-Tree Analysis (FTA), and
Markov Chains. In an advantages/disadvantages comparison,
the FTA method turns out to be the most efficient as it has the
least drawbacks. More details in [16].

Another interesting review of real-time lifetime prediction
methods for SiC technology power devices is reported in [17].
The authors preliminary analyse online and offline system life-
time modeling solutions identifying some predictive markers
of degradation of the power device in SiC technology such as
the gate leak current, the drain leak current, the body diode
forward culture, the ON-state resistance of drain and source,
the ON-state voltage between drain and source etc... Therefore,
the authors analyzed the classical methods both at “component
level” and at ”System level”. With reference to the former,
they analyzed PoF (Physics of Failures) methods based on the
physical study of failures: Gate oxide breakdown, Bond-wire
fracture, solder fatigue and so on. Obviously, these approaches
require a very careful study of the physics of failures and
often have the disadvantage of not being very easily to be
generalized to different scenario/devices. Furthermore, in [17]
some data-driven methods both based on classical statisti-
cal approaches (linear regression models, Werner or Gamma
Processes) and on Artificial Intelligence (AI) based solutions
(genetic algorithms, deep learning, artificial neural networks,
etc.. ) were analyzed. In [17] the authors has highlighted
the efficiency of Al-based methods due to fewer drawbacks
with high-generalization capability. The survey reported in
[17] concluded the lifetime-estimation methods analysis with
”system-level” approach from which the extended version
of Fault Tree Analysis (FTA) named GO-FLOW seems to
be very effective for the lifetime-prediction. More detail in
[17]. Further details about the methods of health monitoring
reported in the mentioned surveys can be found in [18]-[24].

An interesting approach based on the use of deep learning
recurrent architecture is reported in [25]. The authors proposed
a custom framework, named Deep RACE (DEEP learning
Reliability Awareness of Converters at the Edge) for real-
time reliability modeling and lifetime prediction of high-
frequency MOSFET power electronic converters. They learned
the designed model by using the dataset provided by NASA
and tracking the ON-state resistance of drain-source. The
proposed Al model is based on the usage of a stack of Long-
Short-Term-Memory cells properly connected. The authors
collected interesting results about the lifetime-prediction of
the MOSFET power device as they obtained an average miss
prediction of 8.9% with 26 ms as average processing time for

the underlying designed EDGE hardware.

A very interesting approach based on the usage of deep
learning enhanced by self-attention mechanism is presented in
[26]. The authors proposed a deep architecture boosted with
such attention mechanism. Basically they designed ad-hoc
convolutional neural networks embedding attention method-
ologies based on classical (Queries, Keys,Values) pro-
cessing with a positional embedding vectors i.e. a classi-
cal Multi-Head Self Attention processing. The test of the
implemented model were carried out by using the NASA’s
Commercial Modular Aero-Propulsion System Simulation (C-
MAPSS) datasets. The performance of the method reported
in [26] confirmed that the proposed network achieves very
promising performance in the lifetime-prediction with a best
accuracy in terms of RMSE of 12.98 % with respect to a
12.61% of classical Convolutional Network or 16.14% of
LSTM based solution.

In Chadha et al. [27] recent deep learning-based architec-
tures have been investigated. The authors proposed a shared
temporal transformer architecture embedding an attention
layer ables to detect such temporal degradation patterns to
be used for retrieving a shared correlation across the features
range. They applied the implemented architectures to the
public dataset C-MAPSS released by NASA. The performance
of this transformer-based solution is very interesting as with
this solution has been reached a performance of 10.9% as best
RMSE in the used dataset.

As mentioned, in our state-of-the art analysis we found
several works which investigated the usage of LSTM based
architectures for implementing effective electronic device
lifetime-predictor. More specifically, a recent and promising
solution has been presented by Zhang et al in [28]. The authors
implemented a deep LSTM network with ad-hoc data fusion
block able to estimate the remaining useful lifetime (RUL) by
using compressed data. The experimental results confirmed
the effectiveness of the proposed approach as it showed a best
performance in terms of RMSE of 10.24% in (C-MAPSS)
dataset. Applied to the same dataset and with similar perfor-
mances, we find other solutions based on machine learning
[28] and specifically on the use of Multi-layer Percetrons
(MLP) architecture [29], Support Vector Regression (SVR)
[30] , Relevance Vector Regression (RVR) [31] , CNN based
regression method [32], deep convolution neural network
based method [33] and plain vanilla/ensemble deep LSTM
[34], [35]. In Qin et al. [36] a further investigation of the deep
learning based methods for RUL prediction were reported.
As well known from scientific literature, Capsule-Network
shows a very interesting ability to learn entities’hierarchical
relationships between high-dimensional vector embeddings.
By leaveriging this capability, the authors of [36] proposed
a slow-varying dynamics-assisted temporal Capsule-Network
architecture to simultaneously learn the slow-varying dynam-
ics of the input data merged with temporal in order to perform
an accurate RUL estimation. The proposed method has been
applied to the public (C-MAPSS) database showing a very
promising performance of 11.73 + 0.31 as RMSE metric.
More detail in [36].

Although the aforementioned methods, tested on indus-
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trial systems or discrete electronics, can in principle also
be extended to power devices in both silicon and silicon
carbide technologies, we have specifically investigated some
deep learning-based methodologies directly tested on power
devices. On this regard, Heydarzadeh et al. [37] proposed
a robust solution, in order to predict the RUL of a power
MOSFET based on data retrieved from a thermal aging process
of the monitored device. More in detail, the authors proposed a
Bayesian Interference estimator which learned the correlation
between the ON-state resistance of drain-source of the power
MOSFET with respect to the device degradation and then
with the RUL. The reported graphics performance seems very
promising. Furthermore, such authors investigated the health
monitoring of power devices even in noisy scenarios or in the
presence of measurement data perturbations [38].

In the state of the art, another aspect investigated by the
scientific community is the optimization of the input vari-
ables needed to retrieve a robust RUL prediction of power
devices. On this regard, Dusmez et al [39] proposed a custom
designed accelerated thermal-aging testing-scenario applied to
multiple discrete power MOSFETs simultaneously. The so-
collected experimental data are specifically related to ON-
state resistance of drain-source as the failure early marker of
MOSFET degradation. The remaining useful lifetime (RUL) of
degraded power MOSFETSs were estimated through classical
least-squares algorithm run on experimental data filtered by
Kalman Filter. With respect to prior-art, the main advantage of
that method is that it does not require to measure the junction
temperature for retrieving RUL estimation. In a preferred
configuration they were able to retrieve a RUL estimation
of power device with an average error ranging from 3.5 to
4.5 %. Another similar approach based on monitoring of ON-
state resistance of drain-source of discrete power MOSFET is
reported in [40], [41]. Further deep learning methods for RUL
prediction of power devices can be found in [42]-[44].

Specifically applied to power modules, there are some
scientific contributions [45]-[48],

In any case, particularly performing deep architectures in
terms of time-series forecasts have recently been presented
in the scientific literature. The first was presented in [49]
i.e. N-BEATS. It is composed of a backbone that embeds
backward and forward residual processing with a very deep
stack of fully-connected layers. In some time-series forecast
benchmark-competitions, N-BEATS was able to improve fore-
cast accuracy by 11% over a statistical benchmark. Another
interesting pipeline based on deep learning is the N-HiTS
described in [50]. N-HiTS is similar in some aspects to N-
BEATS. It performs local nonlinear projections through basis
functions across multiple regression blocks. Each block con-
sists of a multilayer perceptron (MLP), which learns features
both in backward and forward processing. The MLP blocks are
grouped in stacks specifically trained to learn specific dynamic
of the input signal. Finally, the pipeline named DeepAR is
discussed [51]. DeepAR is a deep system suitable to produce
accurate probabilistic time-series forecast based on training of
an auto-regressive recurrent deep backbone over several time-
series. More details in [51].

From the careful analysis of the above methods it is clearly

evident how the prediction of the residual lifetime in an elec-
tronic system is particularly complex and can be faced at the
”component level” by building a model which characterizes
the physics of the device to be monitored including therein the
concept of failures or at ”system level” by applying statistical
approaches which however have significant limitations (see
the FTA method considered among the best performing at the
system level).

Among the investigated methods, those based on artificial
intelligence (both machine and deep learning) showed particu-
larly performing results both using classic fully connected ar-
chitectures (MLP, regressors, etc..) and recurrent, convolutive,
hybrid networks or networks based on modern Transformer
architectures embedding self-attention layers. However, these
methods have been applied to discrete electronics (MOSFETs,
IGBTs, power MOSFETs) with promising results obtained on
tests carried out on public datasets.

Finally, from the analysis of the known art carried out up
to now, the careful study that the scientific community has
made of the so-called predictive indicators-markers of physical
degradation of the device has emerged, noting that among
these, the ON-state resistance of power device (and therefore
consequently the ON-state voltage between drain and source)
would seem to be the most promising.

However in the real application of the electric car, object
of this contribution, there is the need to monitor the residual
lifetime of a power module in SiC technology which, as
described in the introductory section, includes 4 SiC power
MOSFETs for each bridge, for a total of 8 power SiC MOS-
FETs connected in half-bridge configuration, which interact
with each other for the electro-thermal function of the module
in the traction-inverter of the electric vehicle.

From the analysis of the state-of-the-art emerged that the
deep learning methods have significantly improved the health
monitoring and RUL prediction systems of the electronic
devices. With reference to discrete power devices, solutions
based on deep learning which include the use of backbones
based on MLP, LSTM, Convolutional Networks -with and
without attention mechanism- as well as the recent architec-
tures based on Transformers, have shown to have excellent
performance. Some authors have investigated health moni-
toring with reference to SiC power modules [44]-[47] using
machine learning methods or physical-heuristic models for
the analysis of degradation over time. However, the analyzed
solutions showed some drawbacks that the authors have tried
to address in the method herein proposed. Specifically, many
of the proposed systems have been validated on discrete power
components and with public datasets (C-MAPSS). Many pro-
posed methods are based on the predictive analysis related
to the dynamics of the ON-state resistance between drain
and source (Rdsopn) which for its measurement requires the
sampling of both a voltage (Vds) and a current (Iz) with
consequent introduction of further measurement noise [37].
Furthermore, the (Rdson) is strongly influenced by the gate-
driving voltage of the power MOSFET device, which in SiC
technology is deliberately set significantly higher than the
threshold voltage to accelerate dynamic switching. However,
the most significant challenge for health monitoring methods
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is related to the prediction of the RUL on power modules
(specifically in SiC technology for traction inverters in latest
generation electric cars). As specified in the introductory part
of this work, the power module contains 8 parallel power
devices for each switch, each having specific characteristics
in terms of electrical and physical parameters (threshold
voltage, channel width, channel length, etc. ...). Therefore,
determining a predictive system for the entire power module
is particularly complex since the input marker used and the
prediction system have to take into account the impact that
each power discrete will have in the overall characterization of
the residual lifetime of the entire module. Finally, the proposed
RUL prediction system should be scalable and dynamically
configurable as it would be appropriate to validate any boost
in performance that the simultaneous processing of other co-
variate input signal could bring about. A further drawback
of the state-of-the-art methods is related to the classical
issue embedded in the time-series forecasting scenario i.e. the
intelligent pruning of the input data. In fact, considering that
the statistical distribution of the input time-series ((Rdson),
(Vdson), etc...) is unknown a-priori, it is not possible to
discriminate the input data components having a significant
impact on the output-prediction with respect to those that
could be neglected in the processing phase. This involves
a computational overload and an inefficiency of the entire
prediction system. In this context, the objective of this work
is to propose an innovative pipeline based on a deep learning
architecture called "Temporal Fusion Transformer” which will
process the data of the ON-state voltage drain-source sampled
from the low-side or high-side interface of the module, in
order to characterize its residual lifetime in a real application
context (traction inverter of the electric car) by using data
collected in a thermal-electrical stress-aging process of the
device through power cycling (see previous section). The
authors will show that both in terms of performance and
robustness in relation to the input data, the proposed method
outperforms the approaches presented in scientific literature
based on deep learning methodologies. The designed system
is also configurable as it allows to extend the input data
allowing the monitoring of cross-correlations between multi-
modal input data with respect to the RUL prediction target. It
has been tested on real data sampled from electrical-thermal
stress procedures of the power module and therefore it is
also reliable in terms of model fitting compared to the real
application scenario. It is based on the sampling of a single
variable (voltage) although, as mentioned, it can be extended
to other input data. It has been validated on various power
modules of the same product family (ACEPACK DRIVE)
confirming high performance in health monitoring of the
entire electronic module. Moreover, through ad-hoc intelligent
blocks the proposed architecture has been able to pre-process
the input data weighting more about the input components
that best contribute to the overall predictive performance of
the system. The designed architecture is also compressible
with Knowledge Distillation techniques, currently undergoing
further scientific investigations.

MATERIAL AND METHODS

As introduced in the previous sections, the goal of this
scientific contribution is the prediction of the residual useful
lifetime (RUL) of SiC power modules in an automotive appli-
cation scenario, specifically oriented to the electric car traction
inverter system. From the analysis of the related work (see
previous section) we defined as input of the proposed system,
one of the most used predictive marker, i.e. the ON-state
drain-source voltage Vdsps of low-side part. As illustrated
in the introductory section, the power module is composed of
a switch that regulates the low-side and the high-side of the
device in half-bridge configuration. Obviously it is enough that
only one of these bridges degrades to impact the functioning
of the entire module.

Therefore, in order to optimize the proposed prediction
system, we have implemented the monitoring of only the ON-
state drain-source voltage of the low-side part of the module
Vdsps considering the same voltage of the high-side section
as a covariate variable to be passed as exogenous data and
verifying in the testing phase the impact that this importing
has in the RUL prediction. Obviously, it is possible to invert
the data sequence considering Vdsgyg as input and Vdspg as
covariate variable without affecting in any way the predictive
performances of the proposed system.

As detailed in the introduction section of this contribution,
the RUL of the analyzed SiC power module is determined
by analyzing the drift of the predicted future dynamics of the
same input variable i.e. Vdspg. Therefore, we reduced the
prediction of the RUL of the SiC power module to a classic
problem of multi-horizon time-series forecasting [52], [53].

Multi-horizon time series forecasting refers to the capability
of predicting multiple time-steps samples or patterns of an
input time series which includes both observed and past
samples as well as such feature information. This represents a
key challenge in time series forecasting by machine learning
approaches. Several deep backbones based on auto-regressive
models, recurrent neural network (RNN) and transformers
(as applied in this work) have been used for multi-horizon
time series forecasting. Specifically, our target is to predict
multi-horizon future samples of the input variable i.e. the
ON-state voltage between drain and source of the analyzed
power module (Vdsrg). Specifically, we have splitted the
input variable Vdsypg as past and known input samples and
we have tested the covariate signal Vdsps (ON-state voltage
between drain and source - high-side part of the silicon carbide
power module) in the overall designed RUL predictor. In order
to correlate the predicted output with RUL of the analyzed
model, we considered a threshold-based binary classification
system. When the predicted future samples of the Vdsy, g drift
with respect to the fixed threshold (5 % of its initial value),
the analyzed power module can be considered degraded.
Therefore, the time range that elapses from the moment of the
prediction to the overflow of 5% of the Vdspg, is represented
by the remaining usefull life of the device. On the other hand,
in cases in which the predicted V' dsy g samples (in the selected
prediction time window which varies from a minimum of 5
samples to a maximum of 50 samples) do not show drifts
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greater than the pre-set threshold, the system does not detect
any start of degradation, therefore no problem in terms of
RUL. The same classification scenario has been tested when
we have used Vdsp g as covariate input. Anyeay, the first step
was the design of the deep backbone.

After careful investigation, the authors of this contribution
have selected the use of a deep architecture with a backbone
based on Temporal Fusion Transformer (TFT). The TFT is
an attention-based deep neural network usually applied for
multi-horizon data forecasting [54]. TFT is able to reach high-
performance with respect to classical deep architectures usu-
ally employed for 1D time-series forecasting such as LSTM,
Temporal Convolutional Networks and so on [54]. This perfor-
mance is achieved because the TFT includes the following in-
ternal processing blocks: (1) A Static Covariate Encoder Block
suitable to encode context vectors of additional input data to
be used to boost the overall prediction performance of the
TFT; (2) A Gated Residual Network combined with a Variable
Selection Layer suitable to optimze the impact of irrelevant
input data; (3) A Sequence-to-Sequence Encoding/Decoding
Block to perform a locally encoding/decoding of the input data
both the so called ”past input data ” as well as the the known
future input data; (4) A Temporal Self-Attention Decoder to
learn long-term dependencies embedded in the input data.
Moreover, the proposed TFT backbone has been updated with
respect to the original ones proposed in [54] as the Sequence-
to-Sequence block has been improved by using the Temporal
Convolutional Neural Networks instead of the classical LSTM
[54], [55]. More detail about TFT architecture in [54]. The
proposed SiC power module predictor will be described in the
next section.

THE PROPOSED DEEP LEARNING SYSTEM

In Fig. 7 an overview of the SiC power module RUL
predictor -based on the usage of the enhanced TFT model-
is reported. Each of the reported blocks will be described in
the following-subsections.

Input Block

As introduced, the input of the proposed system (as reported
in Fig. 7) is the ON-state voltage drain-source of the low-side
bridge Vdsp s of the analyzed SiC Power module. This signal
is splitted partly as “’Past input” and partly as "Known future
samples” [54]. If we indicate with &; ; the vector containing
the input variable, it can be composed as follow

giﬂf = [Qsi}tdszls’q/}%/’tdSLS] S

where ¢§}tdsLs € R™= represents the part of the input
considered as “past input”, which we supposed be sampled at
each step, while wi}tdshs € R™» represents the part of input
considered as “known input”. The so collected input data will
be passed to the ~’Variable Selection Blocks (VSB)”. Anyway,
before to introduce and describe che VSB, it is needed to
introduce and describe the Gated Residual Network block
(GRN) as it will be embedded in the VSB.

Gated Residual Network Layer

The analytic correlation (often nonlinear) between inputs
and system output is often unknown or partially known, so
that it is very challenging to select the key variables with
respect to the negligible ones. Non-linear processing of the
input data is not always necessary and sometimes simpler
linear processing models may be enough. Not knowing a-priori
the statistical correlation between input and output and the
need to apply non-linear processing to the input data requires
the implementation of the Gated Residual Network [54].

The following Fig. 8 shows the working diagram of the
implemented GRN layer.

The GRN offers adaptable depth and network complexity.
It performs non-linear processing of the input data as well as
context information as follow:

GRN, (¢, c) = LayerNorm(m; + GLU,,(m1)) (2)
m = Wiwnz +biw 3)

n2 = ELU(Wa i+ W3 wei + ba) )
GLU,(v) = 0(Wawy +b4w) © Wswy +b50) (5

In the set of Eqs (2)-(5) ELU represents the Exponential
Linear Unit activation function described in [56] while n; and
Ny € RImedel are intermediate layers, the function “Layer-
Norm” is a normalization layer as described in [57] while
w represents an index for weight sharing. Finally, with the
activation ”Gated Linear Units” (GLUs) [58] we are able to
suppress any parts of the designed architecture not needed
for the given dataset. Specifically, as reported in Eq. (5), we
have defined ad-hoc GLU function by embedding classical
sigmoid activation o applied to a weighted W) ,, and biased
b(y of the input ~ properly multiplied (Hadamard product)
with similar factor. d,,oqe; 1S the hidden state size. In this
way, the activation GLU will be suitable to control the level
of application of the GRN related to the original input m;
performing a proper selection of the input data [54].

Variable Selection Block

As introduced, the specific contribution of the input data
to the output dynamic are usually unknown. For this reason,
it is normally not possible to drop the contribution of input
variables that are poorly correlated with the output target. The
proposed deep learning system has been designed to provide
an intelligent a-priori variable selection through the use of the
block “Variable Selection Block™ (VSB) applied to both input
data and static and time-dependent covariates data. The target
of the VSB is clearly to retrieve information about which input
variables are most significant for the prediction problem as
well as to remove any unnecessary noisy inputs.

Often, in classical time-series forecast based problems the
input datasets contain discriminative features with less pre-
dictive capability which therefore impact the computational
complexity and sometimes negatively the performance of
the entire predictive architecture. The VSB block has the
purpose of significantly reducing the contribution of these
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Fig. 7. The overview scheme of the proposed SiC Power Module Lifetime Predictor

features embedded in the input data by weighting more those
which instead have a significant contribution in the predictive
performance of the model [54]. The following Fig. 9 reports
an instance of the VSB diagram.

We now introduce the working flow of the VSB. Preliminary
embeddings [59] for categorical variables and linear transfor-
mations for continuous variables will be applied. The target is
to tranform input variables into vector of dimension d,,,qe; as
requested by the following layers of VSB.

As described in Fig. 9, we indicated with gb{ € Rdmodel the
transformed input of the j — th variable at time ¢ and then
®, the whole set of so computed variables, while with ® » we

have denoted the flattened representation of ®;, having length
;. We have also setup the possibility of processing external
context vector ¢;. The VSB works as follow. Preliminary,
a weighting of the flattened representation of the embedded
input data (together with context data ¢; if any) is made by
using a GRN block followed by a softmax processing:

@5, = SoftMax(GRN (O, ¢;)) (6)

The context data ¢; will be obtained from the static covariate
encoding as described in the next section [54]. For each
processing step, the designed model performs additional non-
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linear processing by analyzing the qbg data through a further
GRN processing with a weight shared accross all time steps.

= GRNy; (@) (7)

At this point, the output of the block with SoftMax as
reported in equation (6) will be used to weight and suitably
combine the so processed input data éi thus performing a
selection of variable properly represented by the following
equation which represents the output ¥, of the block VSB
extension.

lm N o~ (e
U= o5e) ®)
j=1

As described in Fig. 9, such input of the VSB are related
to the Static Data Encoder block as detailed in the overview
diagram of the proposed pipeline (see Fig. 7). The goal of this
block is to integrate more information from external meta-
data. These external data will be integrated to the temporal
decoder part (by means of a GRN pre-processing) where static
variables could improve the overall decoding performance.
Moreover, such input data will be used to enrich the input
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features of the temporal decoder [54]. In this proposal, we have
checked as external data the usage of Vdsygs. More details
on the next section reporting the experimental results.

The so weighted output of VSB will be fed as input of the
designed sequence-to-sequence encoding/decoding layer.

Sequence to Sequence Encoding/Decoding

The sequence-to-sequence (Seq2Seq) encoding/decoding of
the pre-processed input data have been designed for provid-
ing intelligent assessment of the temporal sequential data.
Leveraging local correlation between time-series data, we are
able to construct discriminative features suitable to improve
the overall performance of the downstream deep system
embedding attention-based processing [54]. Due to proposed
discrimination between input “past” data and input “future”
samples, the implemented pipeline embeds a deep layers for
encoding “past” data ¥,_j.; and “decoding” future samples
Wyit1:t,,.,.- In [54] was proposed the usage of LSTM as basic
Encoder/Decoder backbone of the Seq2Seq layer. In this work
the authors replaced the LSTM with a Temporal Convolutional
Neural Network (TCN) as backbone of the Encoder/Decoder
of the Seq2Seq layer [55]. Bai et al. [55] introduced TCN
to replace the classical recurrent architectures in time-series
forecast tasks. More in detail, TCNs are deep architecture
embeddings “causal convolutions” i.e. processing of input with
hypothesis that no information “leakage” occurs from future
data to the past ones. Basically, TCN can take an input 1D
sequence of any length, mapping that to such output sequence
of the same length. The performance of TCNs in time-series
forecasting is better than classical deep architectures including
recurrent network and linear regressors [55].

Considering the split that we have assumed in our system
between “future” and “past” data, the TCN is certainly the best
backbone to perform an encoding/decoding embedding of the
input data, obtaining better performances than the architecture
originally proposed by the authors which included LSTMs (as
confirmed in the experimental results section) [54], [55]. To
consider potential imprinting of such external metadata we
embedded the context data coming from the Static Covariate
Encoders to initialize the structure of the TCN. We indicate
with ®(¢,n) the set of features generated by the designed
TCNs layers:

d(t,n)

The output of the Seq2Seq encoding/decoding will be fed
as input of a further pre-processing layer which performs a
GRN processing as described in the previous section. The
GRN processing of the ®(t,n) features will be passed to the
Multi-Head Attention layer.

= Layer Norm(i1n + GLU(®(t,n)))  (9)

The Multi-Head Attention Layer

Attention mechanism is used by all Transformer-based
architectures to identify complex relationships among the input
data [60]. Anyway, an issue on the input-data long-term
relationship learning has been highlighted [54]. To overcome
this issue, such authors proposed the usage of the Multi-Head
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Attention Layer (MHAL) [54]. In the MHAL, the input is
projected into several representation sub-spaces using various
“attention heads” based on the classical processing performed
by the use of Query/Key/Value weight matrices [54], [60],
[61]. By means of the implemented MHAL, we are able to
improve the learning capability of the overall proposed system
especially in the input data long-term dependencies.

A mathematical representation of the MHAL processing
Onar(Q,K,V) can be formalized as follow:

Ommar(Q, K, V) =HWy (10)
H=AQ,K)VWy =
my
=[1/H > AQWY KW vy =
el (11)
M
=1/H Y Attention(QWS", K, W VW)
h=1

where in (11) we have defined classical attention mechanism
variables as follow: Values V € RV%4v  keys K € RN@datin
and queries Q € RN¥daten while A() represents a normal-
ization factors, WY € Rdmoderzdarn, Wéh) € Rbmoderrdarin,
are learnable weights for the queries, keys and values and
Wy € Rimoderrdarin represents weights shared across all at-
tention heads, while in Eq. (10) the term Wy € Ratinzdmoder
performs a final linear mapping of the attention-weighted
features [54], [60], [61].

Through the mathematical representation of the MHAL
reported in Egs. (10)-(11), we are able to boost the classical
head-attention mechanism as we can learn - for each heads
- specific dynamic of the input features to be combined and
weighted as per Eq. (10).

Finally, as reported in Figs. 7-9, further "Gated and Norm”
(GN) and GRN processing will be applied to the output of
the MHAL block for preserving causal correlation between
features and attention-based processing [54]. We indicate with
U’'(t,n) the output of the GN and GRN processing of the
MHAL output.

The so processed features will be fed to the Densely Con-
nected Layer for final processing and time-series forecasting.
This layer performed a quantile time-series forecasting by
parallel prediction of data at different percentiles such as
10t", 50", 90" for each time-step. To do that, we have defined
ad-hoc loss function as reported:

ﬁ(Q,W) _ Z Z% QL(ytag]ijﬂt — T7T)7Q) (12)

y:€QqER T=1 Tmax

Qry,,9,9) =qy—9++1-q)(F—-y)  (13)

g(‘]ata’r) = Wq\Ij/(t’T) +:u(1 (14)

where the set ) represents the training data statistical do-
main embeddings M samples, while W represents the weights
of the implemented boosted temporal fusion transformer, =
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is the set of output quantiles while with ”(.).” we have
defined the "max(0;.)” operator. In the Eqs set (10)-(14)
the term (q,t,7) represents ad-hoc quantile forecasts of
the input time-series computed as linear transformation of
the GN/GRN processing of the MHAL output. The term ¥,
represent the target. Finally, the term W, and p, represents
linear coefficients for the specified quantile g. More detail
about quantile forecast in [54].

EXPERIMENTAL RESULTS

The aim of this section is to report the experimental results
obtained from the application of the enhanced temporal fusion
transformer boosted with the convolutional Seq2Seq block,
for the prediction of the ON-state Vdspg trend for the
characterization of the residual lifetime of the power module in
SiC technology. Below we will preliminary describe the phase
of data collection, therefore, of training and benchmarking of
the designed architecture.

The Dataset collection

Performance analysis is carried out on dataset containing
six sessions of Power Cycling data-acquisition applied to six
different ACEPACK DRIVE SiC Power Modules. For each
power-cycling session, we sampled about 400k samples of
ON-state Vdsys and Vdspg as well as some further variables
such as temperature, currents, etc.

As previously reported, the predictive marker we want
to learn with the proposed system is the ON-state Vdspgs
dynamic. We collect the input ON-state Vdspgs by using
a classical CSV format (with ad-hoc software wrapper we
have implemented to convert data from the native format
of the Power Cycle bench-system). As introduced, through
the power-cycling procedure we are able to bring the power
module to the end of its life and therefore to characterize,
through this accelerated aging” procedure, the correlation
between the residual lifetime of the device and the trend of
the ON-state Vdsrg.

Some details about the power-cycling procedure we have
designed to collect dataset used to learn our proposed deep
model. Power cycles are employed considering temperature
swing of 100 °C, maximum die temperature of 150 °C and
current on-time of 3.5 s. Device self-heating is accomplished
driving the Vzg to positive value, much higher than threshold
value, and “virtual junction temperature” is monitored during
the off-state, applying a negative voltage of - 8 V. Negative
value is needed to ensure that sensing current flows across
the body diode. For each tested power modules, one switch
from low-side is placed in series with a high-side switch of
different phase. The procedure is repeated until the device
reaches the end of life characterized by an exponential and
significant increase in the ON-state Vdsy g, specifically, with
an average increase that exceeds the threshold of 5% compared
to the initial value of this quantity. In Fig. 6 a classic trend of
the ON-state Vdsg which over time, during the accelerated
aging of Power Cycling, progressively increases its value, has
been reported.
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A preliminary pre-processing of the sampled ON-state
Vdsps is made by filtering the collected signal in order to
delete samples after the end of life of the device. The so pre-
processed dataset contains about 418.700 samples splitted for
training validation and test sets as shown in Table 1.

TABLE I
INPUT DATASET SPLIT CONFIGURATION

Test-set

69.783

Validation-set

69.783

Training-set

279.134

Samples

In Fig. 10 and Fig. 11, such instances of the collected
and pre-processed input ON-state Vdsps and Vdspg are
reported. In the mentioned figures, the abscissa axes report
the time progression during the power cycling phase. In the
Vds snapshot shown in each figures, the part of the signal
corresponding to negative abscissa values refers to the Vds
samples considered as input while the part of the samples
with abscissa values greater than or equal to zero represents
the signal part to be predicted.
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Fig. 10. Dynamic of the pre-processed ON-state Vdsy s

In the next section , the training phase of the implemented
deep system will be detailed.

Training Procedure

We have trained and validated the designed proposed solu-
tion by using the collected dataset as described in the previous
section. Moreover, we have compared the performance of our
proposed solution with respect to other deep systems usually
applied for time-series forecasting applications (see section
“Related Works™). Specifically, we have compared our deep
learning solution with the following deep models: MLP [29],
LSTM [28], [34], [35], N-BEATS [49], N-HiTS [50], DeepAR
[51], TFT-LSTM [54].

For all the tested architectures, we have performed a phase
of hyperparameters optimization through random search over a
predefined dynamic-space, using the same number of iterations
across all tested backbones. According to our tests, we have
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noticed that the best temporal-window of input signal to be
used as input size of the downstream deep model is greater
than 150 samples, so that, we selected 150 as optimal size of
the input ON-state Vdsy s signal. More in detail, we did many
tests tuning the length of the input temporal-window depth
verifying the impact on the overall performance the designed
pipeline. Specifically, we have noticed that for input temporal
depth lower than 150 samples, the performance drastically
dropped (we have a drop that oscillates between 15% - 20%
for temporal-depth between 100 and 150). Input temporal-
depth lower than 100 do not allow the system to predict
with acceptable accuracy, considering that we are dealing
with automotive applications that require high reliability. By
increasing the temporal-depth with values higher than 150, we
noticed a little significant performance improvement to justify
the computational cost deriving from an increased temporal-
depth. Specifically, we noted - for each number of prediction
steps (see Table IIT) - a modest average increase of 1.2% for
input temporal depth equal to 200, of 1.56% for a length of
250. For temporal depths greater than 300 , basically there are
no further significant performance gains in Vdsy g time-series
forecasting. Therefore, considering the target of distilling our
pipeline on an automotive-grade microcontroller embedded in
the latest generation Engine Control Unit of electric car, we
opted as a trade-off solution, the use of an input temporal
depth of 150 as it represents the best solution considering the
performance/computational cost ratio.

As reported in Figs. 10-11, the signal samples corresponding to
a value of abscissa lower than zero are considered as input i.e.
150 samples as sliding temporal window of the input signal.
We have tested several output window prediction-size in a
range from 5 to 50 samples. For each model, the training was
carried out for 150 epochs. Our proposed Temporal Fusion
Transformer boosted with Temporal Convolutional Networks
as Seq2Seq embedding (TFT-TCN) has been developed in
Pytorch environment running in a Multi-Core INTEL Server
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with a NVIDIA GPU RTX A6000 with 48 GB of video
memory. In this phase, we have collected experimental results
of our proposed solution (TFT-TCN) compared with respect
to classical TFT (embedding LSTM as Seq2Seq layer) [54]
and TFT with external static input fed with ON-state Vdsp g
(TFT-EI), MLP [29], LSTM [28], [34], [35], N-BEATS [49],
N-HiTS [50], DeepAR [51]. All the benchmark tests have been
executed in the same accelerated underlying hardware. More
details about each model configuration are reported in Table
II.

For performance evaluation classical and commonly em-
ployed metrics for timeseries forecasting have been used.
Specifically we have used the following benchmarks met-
rics: Mean-Abosolute Error (MAE), Root-Mean-Squared Error
(RMSE), computed as follow:

€; = Ai - Fi (15)
MAE — i\ | (16)
on i=1 “
RMSE = li |e?] a7
n = !

In Egs (15)-(17) we have defined as A; the actual value
(label) i.e. the real ON-state V' dsy g collected during the Power
Cycling while with F; the predicted value by the tested deep
model. In Table II we have also defined the Loss function used
in the tested models. For more details about the mathematical
formulation of the used Loss function, please refer to related
cited reference.

We have configured as ON-state Vdspg cut-off threshold
related to the end-of-life of the tested SiC power module, an
increase in average value equal to or greater than 5% with
respect to its initial value. In the following Table III we have
reported the benchmark performance comparisons related to
all the tested deep pipelines including the proposed ones. In the
”Steps” column we have reported the collected test-results with
respect to different temporal depth prediction steps of the ON-
state Vdspg i.e. from 5 to 50 Vdsyg samples of prediction.

As highlighted from a careful reading of the results reported
in Table III, the proposed architecture (TFT-TCN) outperforms
the other pipelines in all of the tests and with the variation
of the temporal prediction steps. Both with reduced temporal
depth of prediction (5 samples) and with the increase of these
up to the maximum of 50 samples of prediction of the ON-state
Vdspg, our architecture showed high predictive performances
in order to the various metrics adopted for the performance
comparison. Moreover, our solution outperforms the previous
solution based on TFT but with LSTM as Seq2Seq layer,
thus demonstrating the very promising capability of TCN -
compared to LSTM - for performing embeddings and learning
of the input signal features. Even the use of an exogenous input
signal (ON-state Vdsps) used as a static covariate input, has
improved the performance of the TFT in some tests (see TFT-
EI), it has not significantly increased the prediction capabilities
of the system in general terms.
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Ablation Study

In this section we have analyzed the effects of ad-hoc abla-
tion of such sub-systems embedded in the proposed pipeline.
Specifically, we have tested the impact of the Variable Se-
lection Block (VSB) and the Gated Residual Network (GRN)
layers on the overall performance of the designed solution. In
the previous section as reported in Table III, we highlighted
the effects deriving from the replacement of the LSTMs with
the TCN. We also verified the effects on the performance
of activating or deactivating the Static Data Encoder block
referred to the covariate inputs (Vdsgg). We proceed with a
first ablation study for evaluating the impact of the VSB on the
overall performance of the delivered architecture in relation to
the various prediction steps (see Table III).

As mentioned previously, the target of the VSB is to retrieve
information about which input variables are most significant
for the analyzed prediction problem as well as to remove
any unnecessary noisy inputs. We directly fed the Vdsrg
samples into the Seq2Seq Encoding/Decoding blocks without
VSB pre-processing. The performance of the so modified deep
architecture is reported in the following Table IV.

Similarly to the VSB, we tested the proposed system without
the GRN blocks which have the goal of preliminary estimating
the statistical correlation between the input data and the output
data. For both ablation studies we had to adjust the dimension
of the intermediate data accordingly.

The results of these ablation tests are reported in Table
IV (TFT-TCN-VSB: The proposed architecture without VSB
layers; TFT-TCN-GRN: The proposed architecture without
GRN layers; TFT: The native implementation of the temporal
fusion transformer [54]; TFT-EI: The native implementation
of the temporal fusion transformer with external input; TFT-
TCN: The proposed solution). From an examination of the
results, the importance of both VSB and GRN pre-processing
appears evident. It can be seen that the proposed architecture
dropped in performance significantly as the prediction time
depth increases due to the absence of a pre-processing that
carefully weights input data components that contribute most
to the predictive performance of the model.

About the RUL, we have extended our “experimental re-
sults” section by adding the performance in terms of RUL
prediction. The following section has been added to the revised
manuscript.

After that we also proceeded to analyze the performance of
our pipeline in terms of prediction of the Remaining Useful
Lifetime (RUL). Specifically as introduced, a drift of 5% of
the Vdsps -compared to its initial value- corresponds to a
clear marker of device degradation with consequent risk for the
traction system of the electric vehicle. Therefore, our system
will discriminate (from a thermo-electrical and structural point
of view) a healthy power module if the prediction of the
Vdsps (according to the considered steps i.e. the selected
prediction time depth between 5 and 50) does not show
any drift or shows a drift within the critical alert threshold.
Conversely, the RUL estimation is triggered in the scenario in
which a drift exceeding the critical threshold of 5% appears in
the V'ds s prediction time window. In this case, the prediction
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TABLE II
OPTIMAL HYPERPARAMETERS CONFIGURATION. TFT COLUMN REFERS TO ALL TESTED VERSIONS (TFT, TFT-EI, TFT-TCN).
N-BEATS N-HiTS TFT DeepAR  LSTM  MLP
Network Parameters
Dropout Rate 0.1 0.1 0.1 0.1 0.1 0.1
weight decay le-2 le-2 0.1
Number of Heads - - 4 - - -
Training Parameters
Minibatch Size 128 128 128 128 128 128
Learning Rate 3e-2 0.001 0.001 0.001 0.001 0.001
Loss Function Quantile NormalD. Quantile MASE MAE NormalD.
TABLE III
ON-STATE V'ds, s PREDICTION PERFORMANCE BENCHMARKS (%)
Steps Metrics N-BEATS N-HiTS TFT TFT-EI DeepAR LSTM MLP TFT-TCN
MAE 0.23 0.32 0.51 0.33 0.36 0.42 0.80 0.21
5 RMSE 0.34 0.47 0.62 0.44 0.41 0.52 0.90 0.30
MAE 0.23 0.51 0.23 0.81 0.34 0.52 0.73 0.14
10 RMSE 0.41 0.72 0.91 0.93 0.47 0.62 0.77 0.26
MAE 0.18 0.28 0.42 0.23 0.24 0.67 0.68 0.15
20 RMSE 0.27 0.64 0.83 0.44 0.32 0.81 0.72 0.16
MAE 0.72 0.47 0.62 0.63 0.81 0.73 0.14 0.14
30 RMSE 0.61 0.71 0.53 0.82 0.62 0.81 0.91 0.25
MAE 0.82 0.42 0.52 0.53 0.53 0.26 0.33 0.15
50 RMSE 0.55 0.63 0.96 0.72 0.64 0.37 0.34 0.27

time-length of the Vdsps up to the time instant of the drift
will determine the residual RUL (temporally re-mapped, as
explained below).

Therefore, we proceeded to validate our system on a dataset
of 18 ACEPACK DRIVE power modules previously tested in
power cycling and with the same configurations described in
this work. We splitted, for each module, the related dataset
of dimensions similar to the ones used to make learning of
our pipeline (see Table I) proceeding to specific read-out
moments in which we sampled 150 samples and generated
the Vdspg in inference to the our model pre-trained with
the dataset described in Table I. The read-out was performed
every 500 power-cycling cycles, therefore, for each module
we performed an average of 850 test sessions of the model
in inference. Specifically, in terms of RUL, we have classified
the prediction pertaining to class ”0” where the forecasted
Vdsrs does not show drift beyond the critical threshold.
Consequently, class ”1” refers to a prediction in which the
Vdsps shows a drift beyond the critical threshold of 5%.

We tested the method for each prediction time-depth (steps)
reporting the results in terms of accuracy, in the following
Table V. As evident from the results, the method performs
very well also in relation to the prediction of the RUL and for
each of the covered temporal depths.

Obviously, it is necessary in the real application to re-modulate
the prediction time measurement unit adapting it to the real
operating scenario of the SiC Power module in the “Traction
Inverter” application. In fact, the time prediction of our resid-
ual lifetime marker of the device i.e. the ON-state Vdsrg
refers to an “accelerated aging” scenario deriving from the
use of aggressive power cycling applied to the power module.
This approach is needed to obtain a dynamic model of lifetime
in acceptable times and without waiting for the end-of-life of
the device under normal operating conditions, which could
also take years.

For this reason, our solution assumes a sort of “Twin-
Testing” of the SiC Power Module. Specifically, in our Power
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TABLE IV
ABLATION STUDY BENCHMARKS (%)
Steps Metrics TFT-TCN-VSB TFT-TCN-GRN TFT TFT-EI TFT-TCN
MAE 0.58 0.53 0.51 0.33 0.21
5 RMSE 0.68 0.65 0.62 0.44 0.30
MAE 0.32 0.33 0.23 0.81 0.14
10 RMSE 0.94 0.96 0.91 0.93 0.26
MAE 0.51 0.51 0.42 0.23 0.15
20 RMSE 0.89 0.87 0.83 0.44 0.16
MAE 0.75 0.71 0.62 0.63 0.14
30 RMSE 0.84 0.85 0.53 0.82 0.25
MAE 0.68 0.71 0.52 0.53 0.15
50 RMSE 0.99 0.99 0.96 0.72 0.27
TABLE V
RUL PREDICTION PERFORMANCE
Steps Metrics | N-BEATS N-HITS DeepAR LSTM TFT-TCN
Accuracy 0.9523 0.9440 0.9190  0.8809 0.9761
5 Sensitivity 0.9090 0.9000 0.8500  0.7727 0.9545
Specificity 0.9677 0.9596 0.9435 09193 0.9838
Accuracy 0.9345 0.9222 0.8988  0.8630 0.9642
10 Sensitivity 0.8863 0.8636 0.8181  0.7500 0.9318
Specificity 0.9516 0.9435 0.9274  0.9032 0.9758
Accuracy 0.9272 0.9142 0.8761  0.8452 0.9488
20 Sensitivity 0.8818 0.8590 0.8181 0.7272 0.9181
Specificity 0.9435 0.9338 09112  0.8870 0.9596
Accuracy 0.9071 0.8928 0.8630  0.8309 0.9392
30  Sensitivity 0.8772 0.8454 0.7545  0.6954 0.9054
Specificity 0.9193 0.9096 0.9016  0.8790 0.9516
Accuracy 0.8940 0.8777 0.8452  0.8059 0.9321
50  Sensitivity 0.8227 0.8000 0.7272  0.6454 0.9000
Specificity 0.9193 0.9048 0.8870  0.8629 0.9435

Cycing bench, in addition to the accelerated aging under-
stress device, another SiC Power Module of the same family
is placed in parallel (in our case ACEPACK DRIVE) which
however is tested in ON/OFF switching not accelerated (or
slightly accelerated) and compatible with the normal switching
dynamics in a traction inverter application. During the power
cycling phase (accelerated aging) the instants in time will be

sampled in which the ON-state Vds;g will increase by pre-
defined thresholds such as 0.15%. and then 0.30%, 0.45%
and so on. Simultaneously, the time instants referred to the
same ON-state Vdsy s increments but referred to the second
device in normal switching will be sampled. The latter will
obviously take place in temporal moments subsequent to those
of the device in Power Cycling, thus defining a direct linear
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proportionality relationship between the temporal dynamics of
the lifetime of the two analyzed devices. Specifically, if we
indicate with %, the time instants “k” of average increase of
the ON-state Vdspg of the pre-set thresholds (0.15% 0.30%,
etc..) and with % the same ones referring to the device in
normal condition, we will get the following time correlation:

tho = *tho (18)
Therefore, by calculating the average of these proportional
coefficients p* (total number: Ny):

N
p=1/N>_p'
=1

we will obtain that the prediction steps shown in Table III
must be related to the time unit p, determined by the time
remapping due to the difference in the working-condition be-
tween Power Cycling/accelerated aging and normal condition
of the device in the real application. In our tests performed
on ACEPACK DRIVE, we estimated that one prediction
step corresponds to approximately p = 3.5 days. Thus, for
example, a 5-step prediction indicates a prediction of the end-
of-life of the power device performed 17.5 (3.5 % 5) days
in advance. The goal of this temporal re-modulation block
(Temporal Re-mapping) is precisely to map the temporal unit
of the ”sample” acquired under thermo-electrical stress (power
cycling) into a temporal quantity that is applicable to a typical
“normal” power module funcionality in the vehicle’s traction
inverter. As introduced, the accelerated aging of power cycling
allows to train the predictive model of Vdsyg in a scenario
of thermo-electrical stress and in acceptable times. Vdspg
forecasting in an accelerated environment has to be time-
mapped in a usual scenario free from such stress. To do this,
we therefore sampled the Vdspg drift time instants for the
same ACEPACK DRIVE power modules, both in a thermo-
electrical stress scenario (Power cycling) and in a normal
working scenario [7]. Therefore, for each mentioned drift
quantiles of the Vdsps (th.), sampled in power cycling
and used as a learning dataset of the proposed pipeline, we
identify the corresponding timing of the same drift (té“vc) in
the module driven under normal thermo-electric conditions
(see datasheet of the ACEPACK DRIVE [7]), thus calculating
the proportionality factor between these time-instants averaged
between the various measurements at different drifts (pk ).
This temporal re-mapping factor will allow, in the event of
a drift of the Vdsps beyond the critical threshold (5%) to
determine the effective residual useful lifetime.

In Fig. 12, we have reported such instances of the pre-
diction made by out TFT-TCN system and related to Vdsrs
(overlayed with real signal). In Fig. 13 the loss curves of our
proposed architecture with respect to the covered temporal-
depth prediction is reported. In Fig. 14 the loss curves of the
tested deep architectures are reported.

19)

CONCLUSION AND FUTURE WORKS

In this paper the authors have proposed an health monitoring
system for SiC power devices in such real automotive applica-
tion scenario. The proposed system processes as input signal
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Fig. 12. Overlay diagram of the predicted V' dsy, s with respect to the real
collected signal. A detail of quantile forecasting is reported.

the dynamics of the ON-state voltage Vds; g sampled by the
switch of the SiC Power Module in half-bridge configuration.
Through the remarkable performance in prediction of the
proposed deep pipeline, the designed system is able to early
predict the end-of-life of the device, therefore the residual
lifetime (the system was able to predict till up to 50 samples
of Vdsps equal to several weeks in advance in the real
application). Real applications for this pipeline can be traced
back to the Traction inverter systems of the latest generation
electric cars although the proposed method can be extended
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to industrial applications of any nature where it is necessary
to monitor the state of degradation (or the residual lifetime)
of the eletronic devices. We have implemented a temporal
fusion transformer that includes a Seq2Seq encoding/decoding
layer based on the use of temporal convolutional networks,
thus contributing to the construction of discriminating features
and robust correlations in the input time-series samples with
respect to the output. By means of the GN and GRN blocks
and of the MHAL block, we were able to enhance the
capability of the self-attention blocks in reconstructing the
correlations between the input and output samples and to
discard the sample-dynamics that have no significant impact

3.000 3.500 4,000 4,500

TFT
= TFT-EI
DeepAR
we= TFT-TCN
s LSTM
MLP
N-BEATS
N-HITS

Epochs

on the final prediction.

In our research and development activity we are now work-
ing on a feature-based Knowledge Distillation algorithm that
allows to significantly compress and optimize the backbone of
our temporal fusion transformer so as to make it deployable
on automotive-grade embedded systems included in the control
units of modern electric cars.
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