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Remaining Useful Life Prediction of Power Electronic Devices With
Physics-Informed Deep Learning and Sparse Data

Le Gao", Chaoming Liu

Abstract—Accurate remaining useful life (RUL) prediction of
silicon carbide MOSFETs is essential for ensuring the reliability of
power electronic systems, particularly under irradiation environ-
ments. However, most existing deep learning approaches rely on
densely sampled degradation data, making them unsuitable for
sparse-data conditions where degradation observations are limited.
To address this limitation, we propose a physics-informed deep
learning (PIDL) method designed for sparse RUL prediction. The
proposed method integrates total ionizing dose-induced degrada-
tion mechanisms, specifically interface and oxide trapped charge
accumulation, into a Transformer-based neural architecture via
a customized physics-informed loss function. This loss explicitly
penalizes deviations from ON-state resistance degradation trajecto-
ries, thereby embedding domain knowledge into the model training
process. Subsequently, particle swarm optimization is employed to
optimize the model hyperparameters. We benchmark our method
against a baseline Transformer model without physics-informed
components, using four evaluation metrics: mean absolute error
(MAE), root-mean-square error (RMSE), coefficient of determi-
nation (R?), and a composite score. Under 90% data sparsity
conditions, the PIDL approach achieves 27.90 % reduction in MAE,
26.51% in RMSE, and 22.90% in score, demonstrating substantial
gains in predictive accuracy and reliability. These results highlight
the potential of PIDL in addressing sparse-data conditions.

Index Terms—Deep learning, physics-informed, remaining
useful life (RUL) prediction, silicon carbide metal-oxide-semic-
onductor field-effect transistors (SiC MOSFET), sparse data, total
ionizing dose (TID) irradiation.

I. INTRODUCTION

ILICON carbide metal-oxide-semiconductor field-effect
S transistors (SiC MOSFETS), owing to their high breakdown
voltage, low leakage current, and stable frequency characteris-
tics, have been widely adopted in critical aerospace electronic
equipment, such as spacecraft power supplies and converters [1].
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However, in space radiation environments, high-energy particles
induce radiation damage in SiC MOSFETS, leading to gradual
functional degradation [2]. Without real-time monitoring of SiC
MOSFETs degradation status, electronic system performance may
decline, potentially resulting in disastrous consequences for
power conversion devices (e.g., power supplies for satellites and
accelerators) [3], [4]. To ensure the safe and efficient operation of
SiC MOSFETs and to schedule timely maintenance, it is essential
to develop a reliable and accurate degradation model to predict
the remaining useful life (RUL) of these devices [5]. Most
conventional RUL prediction methods necessitate complete and
dense monitoring of the degradation precursor variables [6],
[7]. However, in radiation environments, it is often infeasible
to continuously and intensively obtain precursors for each SiC
MOSFET, leading to incomplete or sparse data.

Recently, the rapid advancement of physics-informed ma-
chine learning has introduced novel avenues for achieving
physics-informed RUL prediction [8]. By integrating simplified
physical equations or latent physical laws into machine learning
models, these approaches train models through a combination
of empirical data and physical constraints [9]. Although only
recently introduced, this new paradigm has already attracted
considerable attention and has been explored in numerous disci-
plines, including fluid mechanics, chemistry, geology, and power
systems [10].

In summary, to address the challenge of lifetime prediction
for SiC MOSFETSs under radiation environments with sparse data,
we propose a physics-informed deep learning (PIDL) method
that integrates a physics-informed model of radiation-induced
degradation with a deep learning framework. This integrated
approach is employed to forecast the RUL of SiC MOSFETS.
Through gamma irradiation experiments on SiC MOSFETs, the
proposed method has been empirically verified to be both effec-
tive and superior. The primary contributions of this article are
summarized as follows.

1) A PIDL framework is proposed for the accurate prediction

of the RUL of SiC MOSFETs under sparse-data conditions.
2) A novel loss function is developed to explicitly em-
bed physics-informed degradation mechanisms into a
Transformer-based deep learning architecture.

3) Particle swarm optimization (PSO) is introduced to opti-
mize the model hyperparameters, reducing the complexity
and manual effort.
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Fig. 1. Real-time variations in the ON-state resistance, AR p g(ony, recorded
for SiC MOSFET devices under irradiation as a function of total dose.

The rest of this article is organized as follows. Section Il intro-
duces the degradation experiment and data collection. Section III
elaborates on the proposed PIDL methodology. Section IV
presents and discusses the results. Finally, Section V concludes
this article.

II. DEGRADATION EXPERIMENT AND DATA COLLECTION

The radiation source employed in this study was %°Co 7,
providing a dose rate of 50 rad/s and a total dose of 100 krad
(Si1). In accordance with MIL-STD-883-1 and MIL-STD-750F, a
constant gate voltage of Vs = 20 V was applied to the device in
this experimental setup. Furthermore, a transient pulsed current
was introduced between the source and drain to measure the
ON-state resistance (I2pgs(on))-

As depicted in Fig. 1, real-time monitoring of device param-
eters under irradiation reveals that A R p g (on) exhibits an initial
increase, which is subsequently followed by a decrease. To miti-
gate manufacturing-related variations, AR pgon) Was selected
for analysis and subjected to noise reduction. This two-stage
behavior reflects the interplay between interface trapped charges
(negative) and oxide trapped charges (positive): the initial rise
in ARpg(ony is primarily driven by substantial oxide trapped
charges and acceptor-like interface traps, which originate from
hole trapping in bulk defects and interface reactions with precur-
sor states. Because the rate of negatively charged interface-trap
generation exceeds that of positively charged oxide trapped
charges at low doses, interface traps dominate the early degra-
dation process [11]. In line with previous findings [12], [13],
this rapid formation of interface traps is attributed to the de-
passivation of carbon-related defects at low irradiation levels.
As irradiation proceeds, oxide trapped charges progressively
become the dominant factor, inducing a persistent negative shift
in AR DS(ON)-

In summary, the ON-state resistance of the SiC MOSFET device
is selected as an indicator of impending failure under irradiation
conditions. This parameter serves as the basis for constructing
the subsequent physics-informed model and reflects the degra-
dation of the gate oxide layer due to total ionizing dose (TID)
effects, thereby representing the current degradation state of the
device. To assess the performance of the proposed method under
various incomplete data scenarios, we simulate multiple sparse-
data conditions by sampling observations with varying levels
of data sparsity. Specifically, observations from each device are
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randomly sampled at three predefined missing rates: 50%, 70%,
and 90%. For example, a missing rate of 90% indicates that 90%
of the observations are randomly removed from each device,
leaving only 10% of the data available for model training.

III. METHODOLOGY

First, we establish a degradation model for Rpgon) due to
TID effects in an irradiation environment. The key components
affected by TID are the channel resistance R}, and accumulation
region resistance R 4, expressed as

Rpson) = Ren + Ra

_ Lch + LA
WenpinCox(Vas — Vin)  WapinaCox(Vas — Vin)
(D

where L}, denotes the channel length, W, denotes the channel
width, u,, represents the electron mobility within the inversion
layer channel of SiC, Cly is the parasitic capacitance, L 4 corre-
sponds to the length of the accumulation region, W 4 corresponds
to the width of the accumulation region, p,, 4 is the electron
mobility of the accumulation layer, and Vg is the gate drive
voltage.

Considering the generation of interface-trapped (AVj) and
oxide-trapped (AV,,) charges during irradiation

AQi  qTox Ay (Dose)

AV, = 2
' Cox coxA @
AQq qTOXAOt(DOSC)B"‘

AVy = — — 3

‘ COX goxA ( )

where ¢ denotes the elementary charge, 75, represents the oxide
thickness, Cyy is the oxide capacitance, €, signifies the permit-
tivity of the oxide, A stands for the effective area, and Dose
corresponds to the radiation dose. In these expressions, Ay and
By, are fitting parameters for the interface-trapped charge effect,
whereas A, and B, pertain to the oxide-trapped charge effect.

We then integrate physical constraints from the degradation
model of AR pg(on into the loss function of a machine learning
model

E(Q) = wq Edl(a) + Wphy ﬁphy(G) (@)

where wq) + wpny = 1. The deep learning and physical losses
are defined as

Ny,
1
La(0) = N, > IRUL, (4; 6) — ARUL, (453 0) > (5)
j=1

N
1
Loy (0) = N, Z AR, (i3 0) — ARpny (zx:) | (6)
i=1

where RUL,, and AR, are predictions from the model at spatial
coordinates xj; and xy;, respectively; ARUL, and ARy
denote actual and physically calculated values; Ny, is the sample
size for the kth device.

The final PIDL-based RUL prediction framework, as illus-
trated in Fig 2, integrates the PIDL framework with PSO. This
integrated approach employs a sliding window method to extract
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Fig. 2.
optimization via PSO. (d) RUL prediction.

temporal, dose, and resistance variation data across multiple
devices. Subsequently, a Transformer model is utilized to output
both the RUL and physical parameters, specifically A Rps(on-
Within this framework, physical modeling constraints are es-
tablished by considering the contributions of interface traps and
oxide charge capture. Furthermore, PSO is applied to adjust the
model’s hyperparameters, thereby achieving an optimal balance
between data-driven learning and the preservation of physical
information.

IV. RESULTS AND DISCUSSION
A. Evaluation Metrics

In the context of RUL prediction, three widely recognized
evaluation metrics—root-mean-square error (RMSE), mean ab-
solute error (MAE), and the coefficient of determination (R?)—
are employed to rigorously assess the performance of various
predictive methodologies. These three metrics are defined as
follows:

@)
1 — X
MAE = E;wz — i (®)

2

> (Wi —7)

where y; and gy; represent the actual and predicted values at
the ith data point, respectively, RMSE quantifies the square

X, Batch size [16.256)

Proposed PIDL-based RUL prediction framework. (a) Data acquisition and preprocessing. (b) Construction of the PIDL model. (¢) Hyperparameter

root of the average squared differences between predictions
and actual values, while MAE measures the average magnitude
of the absolute differences. Lower values of RMSE and MAE
indicate a better predictive performance. In addition, the R?
score, a statistical metric, serves as an alternative measure of the
goodness of fit.

Concurrently, the Score metric is utilized to further evaluate
the performance characteristics of RUL prediction models. This
metric is specifically designed to account for the asymmetry in
penalties for underestimation and overestimation [14], [15]. Late
predictions are considered to pose significant risks, potentially
leading to severe accidents, thus, late predictions are penalized
more heavily than early predictions. In both cases, the penalty
increases exponentially with the magnitude of the prediction
error. The Score for experiment ¢ is defined as follows:

1 Ny, _dqi

N it (e B
44

M XN (e - 1), fordi >0

where d; denotes the prediction error, given by d; = y; — ¥;.
A lower RUL score indicates that the model provides a more
accurate estimation of the RUL.

—1), for d; < 0

Score = (10)

B. RUL Prediction Results

In this section, we present the RUL prediction outcomes.
The performance of the proposed PIDL model, referred to as
physics-informed Transformer, was evaluated alongside that of a
conventional deep learning model (Transformer). The evaluation
was conducted under three distinct missing data rates—50%,
70%, and 90%—to simulate conditions of data sparsity.
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Four performance metrics are presented. (a) RMSE. (b) MAE. (c) R2.(d) Score.

Box-and-whisker plots comparing the Transformer model and the physics-informed Transformer model across multiple runs under varying data loss rates.
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TABLE I
OVERALL PERFORMANCE COMPARISON OF THE PHYSICS-INFORMED TRANSFORMER MODEL AND TRANSFORMER MODEL UNDER VARYING
DATA SPARSITY CONDITIONS

. Physics-Informed Transformer model Transformer model
Sparsity Level
RMSE MAE R2 Score RMSE MAE R2 Score
50% 0.0345 0.0277 0.985 0.0025 0.0506 0.0424 0.967 0.0036
70% 0.0458 0.0361 0.975 0.0033 0.0588 0.0485 0.956 0.0042
90% 0.0610 0.0501 0.954 0.0045 0.0830 0.0696 0.909 0.0058

Reported values represent the average performance metrics obtained over multiple runs.

As illustrated in Fig. 3, we compare the specific trends in RUL
prediction between the two models for device #10 across three
missing-data rates. For clarity, the RUL values are normalized.
From Fig. 3(a)—(c), it is evident that as the missing rate increases
from 50% to 90%, the prediction deviation becomes increasingly
pronounced, especially during later lifetime stages, with the
absolute error eventually exceeding the 30% threshold (dashed
lines). Absent is a physics-informed guiding framework, the
deep learning model, that alone struggles to maintain forecasting
accuracy in the face of incomplete data.

By contrast, in Fig. 3(d)-(f), the physics-informed
Transformer—with strong physical constraints—consistently
achieves low absolute error. Even at a 90% missing rate, its
predictions remain well within the 30% error threshold, closely
aligning with ground-truth values. This contrast demonstrates
that purely data-driven approaches deteriorate markedly under
sparse data conditions, whereas physics-guided methods exhibit
robust predictive capability and reliability despite extensive data
scarcity.

We further analyzed the performance of the physics-informed
Transformer (constrained) and the conventional Transformer
(unconstrained) across multiple runs, as depicted in Fig. 4.
This box-and-whisker plot illustrates the statistical distribution
of predictive outcomes for each method over repeated exper-
iments, with the mean and median values shown below each
box. Compared to the conventional Transformer, the proposed
physics-informed Transformer exhibits consistently narrower
distributions across all four evaluation metrics at different miss-
ing rates. In addition, both the mean and median of RMSE, MAE,
and score remain lower for the physics-informed Transformer,
and the variation in the box size does not expand significantly
even as the missing rate increases. Hence, the incorporation of
physical insights not only reduces the average prediction error
but also enhances model stability.

Table I provides a comprehensive summary of these per-
formance metrics. In conjunction with Fig. 4, the results in-
dicate that at a 90% missing rate, the performance gap be-
tween the physics-informed Transformer and the conventional
Transformer widens, with the RMSE reduced by approximately
26.51% and the MAE by about 27.90%. These findings confirm
that physical constraints maintain high predictive accuracy under
sparse-data conditions. Moreover, in terms of robustness and
reliability, the R? values for the physics-informed Transformer
remain above 0.95 for missing rates ranging from 50% to
90%. Notably, at a 90% missing rate, the R? of the proposed
method surpasses that of the Transformer model by roughly

5%. Furthermore, the Score metric—an integrated measure of
RUL prediction performance—decreases by 22.41%, reflecting
a more comprehensive improvement in forecasted outcomes.

In summary, under varying levels of incomplete data, the
proposed PIDL approach consistently demonstrates superior
predictive accuracy, robustness, and overall reliability for RUL
forecasting, affirming its suitability for specialized environments
characterized by severe data sparsity.

V. CONCLUSION

This study addresses the challenge of predicting the RUL
of SiC MOSFETs under sparse-data conditions in irradiation
environments by proposing a PIDL framework. Specifically, a
physics-informed model capturing oxide and interface trapped
charges is embedded within a Transformer-based network, such
that one branch focuses on RUL regression while another pre-
dicts pertinent physical variables. A PSO algorithm iteratively
refines the deep learning hyperparameters and physical-model
weighting coefficients, obviating the need for empirical tuning.
Experimental results demonstrate that incorporating physical
constraints enables effective interpretation of sparse datasets,
improved long-range predictive accuracy, reduced uncertainty,
and high-fidelity performance, particularly over extended pre-
diction intervals; in doing so, the proposed method outperforms
standard Transformer-based approaches. Beyond predicting the
lifetime of SiC MOSFETS in irradiation settings, the framework
generalizes to other devices and helps mitigate costs associated
with downtime and failures. Nevertheless, like many deep learn-
ing techniques, the present approach primarily generates point
predictions, underscoring the need for future investigations into
uncertainty analysis and probability distributions of predicted
RUL to enhance predictive confidence.
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