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Abstract 

The use of Silicon Carbide (SiC) MOSFETs significantly improves converter performance by 
increasing efficiency and reducing costs, to the detriment of electro-magnetic emission and reliability. 
Implementing a predictive maintenance strategy based on a prognosis tool can mitigate this 
limitation. This literature review offers a methodological synthesis of prognosis design tools for SiC 
MOSFETs, while also encompassing studies on IGBTs and silicon-based power MOSFETs where 
these approaches are transferable. The analysis focuses on wear-out prognosis under nominal 
operating conditions of standard package device, excluding environmental constraints. Articles 
published up to 2025 were identified in the OpenAlex database using a keyword-based search and 
manually filtered according to the study scope. Most reviewed works rely on Data-Based prognosis 
methods, mostly based on neural networks, though out-of-sample validation remains uncommon. 
Our study also highlights the dependence of Data-Based prognosis performance on the shape of 
degradation indicator trends. Moreover, the estimation of prediction uncertainty is rarely addressed 
in the reviewed literature. Despite notable methodological advances, ensuring the reliability of 
prognosis tools for SiC MOSFETs remains an ongoing research challenge. 

Keywords: Silicon Carbide (SiC) MOSFETs; power electronic; prognosis; predictive maintenance; 
failure prediction; remaining useful life; condition monitoring; reliability; data-driven methods; 
neural networks 
 

1. Introduction 

The electrification of transportation and industrial sectors, coupled with the expansion of 
renewable energy systems represent a cornerstone of the global energy transition. The ecology and 
energy transitions are driven by the urgent need to mitigate climate change and to reduce the 
dependence of the economies on fossil fuels [1]. Achieving large-scale electrification requires the 
deployment of advanced power electronic converters capable of handling and regulating medium to 
high direct voltages, systems inherently more complex than conventional transformers. However, 
the widespread deployment of power converters introduces significant challenges in terms of system 
cost, efficiency and reliability. As reported in [2,3], inverters account for more than 30 % of the total 
power losses and over 40 % of the operational failures observed in photovoltaic power plants. The 
latter losses and failures are predominantly attributed to the active semiconductor devices integrated 
within the converters. Investigations gathered in [4] have shown that more than 30 % of system faults 
originate from the active components. 

In 2011, Cree Inc. introduced the first commercial silicon carbide (SiC) power MOSFET, marking 
a pivotal milestone in the development of wide bandgap (WBG) power semiconductor technologies. 
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SiC MOSFETs exhibit several advantages over conventional silicon (Si) devices, including high 
breakdown voltage, operation at higher junction temperature, greater power handling capability and 
fast switching speed [5]. These characteristics enable SiC devices to address key challenges in 
efficiency and cost reduction for modern power electronic converters. Despite these advantages, SiC 
MOSFETs still exhibit lower reliability levels compared with traditional Si IGBT devices [6–8]. The 
limitation is primarily attributed to the increased complexity of SiC manufacturing processes and the 
intrinsic physical properties of WBG materials. Consequently, SiC devices tend to amplify the 
existing reliability concerns associated with power electronic converters. 

From a user’s perspective, adopting a planned maintenance strategy is an effective approach to 
ensure the operational safety of a system that exhibits robustness issues [9]. In industrial practice, 
preventive maintenance is often the preferred method. It consists of scheduling the replacement of a 
critical components at regular intervals, according to the manufacturer’s recommendations. 
However, given the economic cost of power semiconductor devices and the environmental impact 
associated with their production [10,11], such maintenance strategy is not fully aligned with 
economic efficiency and sustainable development goals, because the considered critical component 
is replaced regardless of its actual degradation state. Consequently, there is a growing interest in 
predictive maintenance methods. This approach relies on the use of a prognosis tool, capable of 
estimating the future degradation state of a component based on its current condition, thereby 
enabling the assessment of its Remaining Useful Life (RUL). Estimating the RUL of a component 
enables the scheduling of maintenance actions while maximizing its operational lifetime and 
minimizing unnecessary replacements. 

Developing a prognosis tool is a complex and inherently multidisciplinary task [9]. 
Nevertheless, such a tool is a relevant way to address reliability challenges in power electronic 
converters, thereby supporting the ongoing energy transition. As a result, the scientific community 
has shown growing interest in this research field over the past decade. Although several studies have 
already provided reviews of prognosis methods applied to SiC MOSFETs and/or IGBTs [12–15], they 
generally address the topic from a technical or algorithmic perspective, without identifying broader 
methodological trends. Furthermore, the critical analyses provided by authors proposing prognosis 
methods tend to concentrate on the technical features of their tools, while offering limited 
consideration on the methodological implications of their potential integration into industrial 
maintenance frameworks. Consequently, this paper presents a review of prognosis methods for SiC 
MOSFETs, now limited in application to medium voltage dices, highlighting key methodological 
trends and contextualizing their relevance to the improvement of industrial maintenance systems. 
Most existing studies on prognosis techniques have focused primarily on Si IGBTs and Si power 
MOSFETs. On the one hand, research on IGBT prognosis has a longer history, and in many 
comparable applications, IGBTs remain more widely adopted than SiC MOSFETs. On the other hand, 
the release of an accelerated ageing dataset of IGBT and Si power MOSFET from the NASA 
Prognostics Center of Excellence (PCoE) [16,17] has significantly contributed to the increase in the 
number of related publications. Although SiC MOSFET chips exhibit specific failure mechanisms, 
both IGBTs, Si power MOSFETs and SiC MOSFETs share similar packaging-related degradation 
modes [6–8,18]. Consequently, many prognosis methods originally developed for IGBTs or Si power 
MOSFETs can be adapted and applied to SiC MOSFETs. Therefore, this review of SiC MOSFET 
prognosis methods also encompasses approaches originally developed for IGBTs or Si power 
MOSFETs, insofar as these methods are potentially applicable to SiC technologies. The analysis 
focuses on wear-out prognosis under nominal operating conditions of devices in standard package, 
excluding environmental constraints. Articles published up to 2025 were retrieved from the 
OpenAlex database through a keyword-based search and subsequently filtered manually to align 
with the scope of this study. The paper presents a synthesis of the reviewed literature database, 
further enriched by the authors’ expertise in power semiconductor components and RUL prediction. 

The structure of this paper is as follows. Section 2 outlines the foundation principles and general 
methodological framework guiding the design of a prognosis tool. Section 3 presents a 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 December 2025 doi:10.20944/preprints202512.1810.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.1810.v1
http://creativecommons.org/licenses/by/4.0/


 3 of 33 

 

comprehensive review of the lifetime estimation techniques reported in the literature. Section 4 
provides a critical assessment of the practical relevance and constraints associated with these 
methodologies. Finally, a conclusion to this work is presented outlining key insights of the proposed 
review. 

2. Development of a Prognosis Tool 

2.1. Standard Methodology 

The evolution of the failure risk of a component operating within its Safe Operating Aera (SOA) 
is traditionally represented by a bathtub curve [9]. 

 
Figure 1. Bathtub curve (au: arbitrary unit). 

At the beginning of the component’s life, the failure risk is high, mainly due to manufacturing 
or design defects. Such occurrences are referred to as early failures or infant mortality failures, and 
are generally assigned to the manufacturerʹs responsibility, often stemming from latent design or 
production flaws. Following this initial period, the failure risk decreases and remains relatively stable 
during the component’s normal operational phase. Failures occurring at this stage are not caused by 
the component itself but typically result from external environmental factors, leading to extrinsic 
failures. Such failures are therefore unpredictable at the component level and are often modeled as 
random processes. Finally, the failure risk increases over time due to component aging. Component 
aging is typically assumed to progress gradually and is predominantly influenced by the prevailing 
operating conditions that generate stressors. Consequently, at the scale of the component and the end 
user, the development of a prognosis tool may primarily focus on exclusively studying the 
component’s aging process to estimate its RUL. 

However, the expected lifetime of a SiC MOSFET operating within its SOA is typically on the 
order of ten years or more. Analyzing the wear-out behavior of such devices over extended timescales 
is both challenging to execute and of limited practical significance. Indeed, the technological 
development cycle of SiC MOSFETs progresses faster than their theoretical operational lifetime. Since 
their introduction in the early 2010s, SiC MOSFETs have undergone significant advancements, 
reaching their fourth generation by 2025 [19]. Consequently, by the end of a hypothetical long-term 
aging study, the collected results would inevitably correspond to a now obsolete generation of SiC 
MOSFETs. 

In this context, the traditional approach used to study component wear-out consists in 
conducting an accelerated aging test campaign. The general methodology of such a campaign is 
illustrated in Figure 2. 
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Figure 2. Typical accelerated aging test methodology. 

At the initial level, the goal is to grasp the physics of failure governing the component to identify 
its underlying degradation mechanisms. The purpose of the analysis is twofold: first, to determine 
physical parameters that are indicative of the component’s degradation state, and second, to identify 
the stress factors that contribute to the acceleration of the wear-out process. At a second level, the 
target operating conditions of the component must be carefully defined to identify the main stress 
factors it will encounter in real world applications. If the system is properly designed, the stress 
factors generally have low amplitude and/or low occurrence frequency, leading to component 
degradation only over several years of operation. To successfully conduct an accelerated aging 
campaign, it is therefore necessary to increase the amplitude and/or raise the occurrence frequency 
of the identified stress factors. The latter process is commonly known as the application of an 
acceleration factor. During the test phase, a set of parameters indicative of the component’s 
degradation state is continuously measured. The collected measurements, along with their associated 
test conditions, constitute an accelerated aging database that serves as a foundation for validating or 
developing a prognosis method. 

The key aspect of an accelerated aging campaign lies in the selection of the acceleration factor. 
This choice represents a critical assumption about the extent to which accelerated aging data 
accurately reflects the actual, yet unknown, long-term degradation behavior. Indeed, the chosen 
acceleration factor must not introduce failure mechanisms that would not occur under normal 
operating conditions. Traditionally, the acceleration factor is derived from physical considerations 
expressed as a function of a specific stress feature. Classic examples include the Arrhenius law, where 
the temperature serves as the acceleration factor, and the Coffin-Mason law, which models thermal 
fatigue using temperature variation as the acceleration parameter [20]. 

2.2. Failure Modes of SiC MOSFETs 

As discussed in the previous section, implementing a prognosis method requires a thorough 
understanding of the component’s failure physics to design a relevant accelerated aging campaign. 
Comprehensive review of SiC MOSFET degradation mechanisms can already be found in the 
literature [6–8]. This section therefore provides a summary of the main failure mechanisms affecting 
these devices. 

Power SiC MOSFETs adopt a vertical architecture [21]. Figure 3 shows a typical cross-sectional 
view of an n-type vertical diffused SiC power MOSFET. This structure consists of a heavily doped 
substrate, a lightly doped drift region, and a gate electrode insulated by an oxide layer that controls 
the current flow between drain and source. Such a configuration offers low on-state resistance, high 
breakdown voltage capability and an integrated body diode. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 December 2025 doi:10.20944/preprints202512.1810.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.1810.v1
http://creativecommons.org/licenses/by/4.0/


 5 of 33 

 

 
Figure 3. Typical cross-sectional view of an n-type vertical diffused SiC MOSFET. 

At the chip level, the most critical regions are the gate oxide [22] and the body diode [23]. The 
gate oxide degrades due to tunneling currents passing through it, which is a phenomenon 
particularly significant in SiC MOSFETs [24,25]. On the one hand, the oxide growth process 
introduces defects and impurities within the crystal lattice, creating intermediate energy states 
between the conduction and the valence bands, which facilitates carrier tunneling [26–28]. On the 
other hand, the WBG nature of SiC materials reduces the band offsets between the semiconductor 
and the oxide, further promoting carrier transport through Fowler-Nordheim tunneling [24,25,29]. 
Additionally, the electron mobility in SiC is lower than in Si, requiring a thinner oxide layer to 
maintain reasonable gate voltages, which inherently makes the oxide less robust [30,31]. The body 
diode is primarily degraded by the energy released during carrier recombination at the PN junction. 
This energy can generate or expand stacking faults in the semiconductor crystal lattice, leading to 
performance degradation over time [23,32,33]. 

The semiconductor die is assembled within a package, to form either a discrete device or a 
module. A discrete device package contains a single die, while a module integrates multiple chips, 
enabling operation at higher current and voltage levels. Modules also include an insulated baseplate, 
simplifying integration within power converters. Figure 4 illustrates the internal structure of these 
packages. 

 
Figure 4. Internal structure of a module and a discrete device. 

In modules, the die is soldered or sintered onto a Direct Bonded Copper (DBC) substrate, which 
is itself attached to the baseplate. The DBC consists of alternating layers of copper-dielectric-copper, 
providing both electrical insulation and efficient heat dissipation. In discrete devices, the die is 
directly soldered or sintered onto a copper (Cu) baseplate [34]. The joints between the die and the 
baseplate are referred to as solder layers. Bond wires, typically made of aluminum (Al), connect the 
metallized terminals of the die to the external package leads through ultrasonic bonding [35]. This 
assembly process is generally referred to as the bonding-solder technology. In discrete devices, the 
entire assembly is encapsulated in a mold compound, ensuring mechanical rigidity. In power 
modules, the internal structure is embedded in a dielectric gel, while mechanical integrity is ensured 
by the external casing. 

Within the standard packages, the most failure-prone areas are the metallic interfaces, namely 
the chip-bond wire connection and the various solder layers. Cu, Al and SiC have different 
Coefficients of Thermal Expansion (CTE), which lead to significant mechanical stresses at these 
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interfaces during temperature cycling. At the chip-bond wire interface, the accumulation of these 
thermomechanical stresses induces crack formation, potentially resulting in complete bond wire lift-
off [35–37]. Similarly, at the solder interfaces, repeated stress leads to delamination, reducing the 
thermal dissipation capability of the chip [20,38]. 

The assembly process is similar for IGBTs and Si power MOSFETs. Therefore, IGBTs, Si power 
MOSFETs and SiC MOSFETs share the same packaging-related failure modes, though their 
degradation dynamics may differ. Though the CTE mismatch between SiC and Al/Cu is slightly 
lower than that between Si and the same metals, SiC material higher Young’s modulus makes it stiffer 
and thus more prone to stronger thermomechanical stress [39]. Nonetheless, prognosis methods 
related to temperature cycling-induced degradation are generally transferable between the two 
technologies. 

More robust packaging technologies, such as press-pack or double-sided-cooled architectures, 
do exist. However, most commercially available devices still rely on the bonding-solder structure 
described above. As a result, this review concentrates solely on the latter packaging technology, 
although studies on degradation and prognosis for alternative assemblies are also available in the 
literature [40–43]. 

Table 1, adapted from the synthesis presented in [7], outlines the main SiC MOSFET failure 
mechanisms, their causes, the stress factors accelerating their occurrence, and the key physical 
indicators representative of the degradation state of each region. 

Table 1. Summary of the main SiC MOSFET failure mechanisms, acceleration factors, and aging indicators. 

Failure location Cause Acceleration Factors Failure indicators 

Gate Oxide Carrier tunneling 
High Electric Field, 
High Temperature 

𝑉୲୦ : Threshold voltage 𝐼୥ୱୱ : Gate leakage current 𝑅୭୬, 𝑉୭୬ : on state resistance, voltage 𝑉୥୮ : Plateau Miller voltage 𝑇୭୬, 𝑇୭୤୤ : turn on, off duration 

Body Diode 
Energy released by the 

carrier recombination at 
PN junction 

Forward current 
𝑉௙ : forward body diode voltage 𝐼 ୱୱ : Drain leakage current 

Bond Wires 
Thermomechanical stress 

Fast temperature cycling 
𝑅୭୬, 𝑉୭୬: on state resistance, voltage 𝑉௙ : forward body diode voltage 

Solder Layers Slow temperature cycling 
𝑅୲୦ : thermal resistance junction to 

baseplate 

Additional failure mechanisms related to environmental conditions, such as humidity or 
exposure to radiation, also exist [44–47]. However, these aspects are not addressed in the present 
review. 

2.3. Accelerated Aging and Typical Drift of Degradation Indicators 

Temperature cycling of a component is an unavoidable stress, even when the system design 
complies with the component’s SOA limits. As a result, most published studies rely on accelerated 
thermal cycling tests to construct or validate prognostic models. Several approaches exist to perform 
such cycling. Most studies rely on active power cycling, where temperature variations within the 
component are driven by its own power dissipation [48–51]. In this context, the most measured 
degradation indicators are the on-state voltage or the on-state resistance. Regardless of the cycling 
conditions, the evolution of these indicators can take various shapes, as illustrated in Figure 5. 
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Figure 5. Sketch of different degradation behavior patterns reported in the literature during thermal cycling. 

Monotonic drifts are generally attributed to crack formation at the chip-bond wire interface and 
to gate oxide degradation in SiC MOSFETs, which leads to threshold voltage shifts and 
corresponding changes in channel resistance. In contrast, abrupt and highly nonlinear variations are 
typically linked to bond wire lift-off. 

Other and less common studies in the field of prognostics focus on developing methods 
specifically designed to assess the health status of the gate oxide in SiC MOSFETs. Traditional 
accelerated aging tests in this case involve applying high voltage and temperature stress to the oxide. 
The High Temperature Reverse Bias (HTRB) test is widely used in the literature. It consists in 
applying a strongly negative gate-source potential while maintaining the device in a high-
temperature chamber [52–54]. Under the latter conditions, the threshold voltage and the gate leakage 
current are typically measured. 

A few works also address degradation of the body diode [55], although these are much rarer. In 
practice, the degradation of the body diode is rarely considered in prognosis methods, since SiC 
MOSFETs used in power converters are often paired with an external antiparallel diode that carries 
most of the reverse current. 

Regardless of the selected aging protocol, the test may be carried out either until component 
failure or until a monitored degradation indicator exceeds a predefined threshold. For instance, as 
specified in the AQG 324 standards [56], a device is considered to have failed when its on-state 
voltage exhibits a 5% increase or when the chip-to-baseplate thermal resistance rises by 20%. The 
cycle at which the component reaches this failure condition is referred to as 𝑁௙. The RUL is modeled 
as a monotonically decreasing linear function, starting at 1 for a new component and reaching 0 upon 
failure. Given 𝑁௙ , the RUL as a function of the current cycle 𝑁  can be expressed according to 
equation (1). RULሺ𝑁ሻ = 1 − 𝑁𝑁௙ (1)

3. Prognosis Methods 

Prognosis methods are traditionally classified into three categories: Physics-Based, Data-Based, 
and Hybrid. Physics-Based methods rely on the formulation of a lifetime model that describes the 
progression of a specific failure mechanism. Data-Based prognosis tools rely exclusively on 
accelerated aging data and algorithmic approaches, without incorporating explicit physical models. 
Hybrid strategies bridge the gap between physics-based and data-driven methodologies, aiming to 
leverage the complementary advantages of each one. 
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3.1. Physics-Based Methods 

3.1.1. General Considerations 

These models most often express the number of cycles to failure of a component as a function of 
physical parameters, either estimated or measured at the component level. The use of such lifetime 
models is typically framed within the Physics of Failure (PoF) concept [57–67], as illustrated in Figure 
6. 

 

Figure 6. Simplified Schematic of the Physics of Failure framework. 

Within this framework, component prognosis relies exclusively on the characterization of 
environmental stresses, the stress profile, to which the component is exposed. The full complex stress 
profile is decomposed using cycle-counting methods such as the Rainflow algorithm [68] into a 
number of cycles at specific stress levels. For each failure mode of the component, a lifetime model is 
updated based on the number of cycles at the corresponding stress levels. These contributions are 
then combined, mostly linearly according to Miner’s cumulative damage law. The outputs of the 
different degradation models are then aggregated to estimate the RUL of the component. The 
effectiveness of these methods depends on the accuracy of the stress profile assessment, the modeling 
of damage accumulation and failure mode interactions, and the choice of lifetime model. Lifetime 
models are generally based on empirical considerations and can be divided into two categories: 
physical models [69–72] and analytical models [73–76]. The following sections provide a detailed 
overview of the two approaches. 

3.1.2. Physical Lifetime Model 

Physical lifetime models characterize degradation mechanisms based on physical principles 
associated with the targeted failure mode. The number of cycles to failure is typically expressed as a 
function of direct physical stresses, which are generally not measurable at the component level. 
Consequently, the design of such models relies mostly on Finite Element Method (FEM) simulations. 
Accurate simulation relies on an in-depth knowledge of the component’s physical architecture, which 
is frequently challenging to access or model precisely. Moreover, as discussed in [20], FEM numerical 
simulations are subject to geometric singularities, which can introduce errors in the estimation of 
local physical stresses. Accelerated aging tests are employed to validate or refine the constructed 
lifetime model. 

Most physical lifetime models reported in the literature primarily address the degradation of 
solder layers and the chip-to-bonding wire interface. A comprehensive review of these models is 
provided in [77]. The purpose of this section is therefore to present a synthetic overview of the latter 
approaches, emphasizing several trends observed in the literature. According to the classification 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 December 2025 doi:10.20944/preprints202512.1810.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.1810.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 33 

 

proposed in [78], these models can be divided into four main categories, although, in practice, most 
models combine features from multiple categories [77]: strain-based model, energy-based model, 
creep damage-based model and damage accumulation-based model. 

Strain-based models are the most used. Plastic strain is identified as the dominant damage 
mechanism in these modeling approaches. They establish a relationship between the lifetime in 
number of cycles to failure and the imposed cyclic strain amplitude. The Coffin–Manson model [70] 
in equation (2) is traditionally employed for this purpose : 

𝑁௙ = ቆ 𝐶∆𝜀௣ቇଵ௠ (2) 

Where 𝑁௙ is the number of cycles to failure, ∆𝜀௣ represents the plastic strain range, 𝑚 is the fatigue 
exponent, and 𝐶  is the ductility coefficient. For instance, this model is employed in [79], that 
proposes a digital twin of a SiC power module to predict its lifetime. In [80], the model is refined to 
correlate 𝑁௙ with a given characteristic crack length. Subsequently, [81] further improves the model 
to insure that the characteristic crack length aligns with the failure threshold values of degradation 
indicators defined by the AQG 324 standards [56]. Engelmaier et al [72] proposed in equation (3) a 
more sophisticated version of the Coffin–Manson model by incorporating both the cycling frequency 
and the temperature of the solder layer : 

𝑁௙ = 12ቆΔ𝛾2𝜖௙ᇱቇଵ௖  (3)

Where, Δ𝛾 represents the cyclic shear strain range, and 𝜖௙ᇱ  denotes the fatigue ductility coefficient. 
The fatigue ductility exponent 𝑐 is determined as a function of the cycling frequency and the average 
temperature of the solder layer, thereby capturing the combined thermo-mechanical effects on 
material fatigue behavior. 

Similarly, energy-based models are also frequently employed. In the latter approaches, the 
amount of dissipated energy, most often plastic or viscoplastic, is considered as the primary damage 
variable. The underlying assumption is that energy dissipation reflects the material’s cumulative 
damage capacity. The Morrow model [71] in equation (4) is traditionally used : 

𝑁௙ = ቆ 𝐶𝑊௣ቇଵ௠ (4)

Where 𝑚  is the fatigue exponent, 𝐶  the material ductility coefficient, and 𝑊௣  the plastic strain 
energy density for the steady-state loop. The strain energy varies with the degradation state of the 
solder layer. Several studies [82–84] propose refined models that incorporate solder layer 
degradation to adjust cyclic energy accordingly. For instance, [83] assesses the deformation energy 
of the component through FEM simulations under varying thermal resistance values of an IGBT 
module. The energy value is then updated as the component ages. To reduce the computational cost 
associated with FEM simulations, several works employ the so-called Clech algorithm, which 
estimates equivalent stress and strain amplitudes in the solder joints based on a simplified analytical 
model of their thermomechanical behavior [85–87]. These values can then be used to compute the 
plastic energy dissipated per cycle and predict the component’s lifetime using Morrow-type models. 
For example, [85] refines the algorithm’s coefficients through correlation with FEM results to improve 
calculation accuracy while minimizing computational resources. 

Creep damage-based models are less commonly employed. In these models, a creeping 
phenomenon is identified as the primary damage mechanism, describing the slow deformation of a 
metallized interface under sustained stress and elevated temperature [88,89]. 

Finally, damage accumulation-based models could be mentioned. The models assume that the 
total damage results from the integration of partial damages occurring during each cycle or loading 
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phase. [77] further classifies the latter models into linear damage accumulation approaches, nonlinear 
damage accumulation approaches, and crack initiation and propagation approaches. Among linear 
damage accumulation approaches, the previously mentioned Miner’s rule is an example. In crack 
propagation approaches, many authors adopt the Paris law [90] as expressed in equation (5), 
sometimes modified, to model crack growth along the chip-bond wire interface [91–94]: 𝑑𝑙𝑑𝑁 = 𝑐ଵሺΔ𝐾ሻ௖మ (5)

Where 𝑁 is the number of cycle, 𝑙 is the crack length, Δ𝐾 is the strain intensity factor at the crack 
tip and 𝑐ଵ , 𝑐ଶ  are material constants. In particular, [92,94] propose an analytical model of the 
electrical resistance of the chip-bond wire interface as a function of the crack length. This allows the 
non-destructive estimation of the crack length from the measured on-state voltage of the component, 
which can then be used with the Paris law to evaluate 𝑁௙. 

3.1.3. Analytical Lifetime Model 

Extracting strain or energy components from physical lifetime models depends on device 
operating conditions and FEM simulations, which are computationally intensive, time-consuming, 
and require detailed knowledge of the component’s architecture. Therefore, analytical lifetime 
models aim to represent degradation behavior through indirect physical stress parameters that are 
more accessible to experimental measurements. Like physical models, most analytical lifetime 
models focus on thermo-mechanical stresses in device packaging, especially the degradation of bond 
wires and solder layers. All reported models rely on temperature measurements to represent physical 
stress. Over time, models of varying levels of accuracy and complexity have been proposed. The most 
commonly used models traditionally referenced in the literature are listed in [95,96]. Like physical 
lifetime models, the analytical models rely on a set of constant parameters, estimated from simulation 
results or experimental data. The full formulation of the Bayerer model is detailed in Table 2. 

Table 2. Summary of traditional lifetime model used in literature. 

Model Name Model Expression Parameter Variable 
Coffin-
Manson 
[64,97] 

𝑁௙ = 𝑎ଵ∆𝑇௝௔మ 𝑎௜ (𝑖 = 1,2) 
Junction temperature 

swing (∆𝑇௝) 
Coffin-

Manson-
Arrhenius 

(LESIT) 
[62,67,76] 

𝑁௙ = 𝑎ଵ∆𝑇௝௔మ exp ൬ 𝐸௔𝑘𝑇௠൰ 
𝑎௜ (𝑖 = 1,2), 𝐸௔ 

activation energy, 𝑘 
Boltzmann constant 

∆𝑇௝, mean junction 
temperature (𝑇௠) 

Norris-
Landzberg 

[98] 
𝑁௙ = 𝑎ଵ∆𝑇௝௔మ𝑓௔య exp ൬ 𝐸௔𝑘𝑇௠൰ 𝑎௜ (𝑖 = 1..3), 𝐸௔, 𝑘  ∆𝑇௝, 𝑇௠, frequency (𝑓) 

Bayerer 
(CIPS2008) 

[58,61,65,75] 

𝑁௙= 𝑎ଵ∆𝑇௝௔మ𝑡௢௡௔య𝐼஻௔ర𝑉௖௔ఱ𝐷௔ల expቆ 𝑎଻𝑇௝೘೔೙ + 273ቇ 𝑎௜ (𝑖 = 1..7) 

∆𝑇௝, heating time (𝑡௢௡), 
current per bond foot 
(𝐼஻), voltage class (𝑉஼), 

bond wire diameter (𝐷), 
minimum junction 
temperature (𝑇௝೘೔೙), 

Most of the proposed models were developed using thermal cycling tests with large temperature 
swings. For instance, the Bayerer model [75] was derived for Δ𝑇௝ values greater than 40°C. Several 
studies have extrapolated the applicability of such a model to lower Δ𝑇௝ ranges [61,65]. However, 
[99,100] demonstrated a deviation of this model under low Δ𝑇௝  conditions through dedicated 
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accelerated aging tests. Under small Δ𝑇௝, the induced strains are rather elastic than plastic, which 
explains the observed deviation, according to the authors. To account for this transition to the elastic 
regime, [99] proposes to model the temperature swing exponent in the Bayerer model (𝑎ଶ in the 
Bayerer expression in Table 2) as a function of Δ𝑇௝. 
3.1.2. Other Physics Approaches 

Although PoF methods represent many of Physic-Based approaches, alternative modeling 
strategies also exist. These are primarily empirical models derived from observations and/or physical 
considerations to describe the observed variations of degradation indicators. For example, [101–103] 
propose power-law models, with varying levels of sophistication, to capture the evolution of the 
threshold voltage of SiC MOSFETs subjected to gate-oxide stress tests. However, these degradation 
models are rarely used alone. They most often serve as the foundation for parametric Data-Based 
methods, that are discussed in the following section. 

3.2. Data-Based Methods 

3.2.1. General Considerations 

Data-Based prognosis methods are approaches developed directly from the analysis of 
component aging data. The implementation of such methods does not require a priori knowledge of 
the component’s physical behavior. By modeling aging exclusively through the evolution of 
degradation indicators, the latter approaches generally outperform physics-based methods, 
especially when multiple degradation mechanisms are present. However, their effectiveness strongly 
relies on the quantity and quality of available data. Moreover, as these methods are not based on 
physical principles, they often lack interpretability, hindering the establishment of a direct connection 
between observed degradation patterns and the underlying physical failure mechanisms. 

3.2.2. Algorithmic Approaches 

The main algorithmic tools used in the literature to implement Data-Based prognosis methods 
are presented in Figure 7. 

 

Figure 7. Main algorithms used for constructing Data-Based prognosis approaches. 

The presented algorithms are based on machine learning concepts. These algorithms can be 
divided into two main categories: derived from Bayesian theory or not. The Bayesian theory relies on 
the concept of knowledge updating: a prior probability, representing the initial understanding of a 
quantity or component of interest, is updated using new related information to produce a posterior 
probability: 
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𝑃ሺ𝜃|𝐷ሻ =  𝑃ሺ𝐷|𝜃ሻ𝑃(𝜃)𝑃(𝐷)  (6)

Where 𝑃(𝜃|𝐷)  (Posterior) is the updated probability of a parameter 𝜃  after observing data 𝐷 , 𝑃(𝐷|𝜃) (Likelihood) is the probability of observing 𝐷 given 𝜃, 𝑃(𝜃) (Prior) is the initial belief about 𝜃  before considering data 𝐷 , and 𝑃(𝐷)  (Marginal Likelihood) is the overall probability of the 
observed data 𝐷. Thus, the posterior probability provides an update estimate that reflects the most 
recent information available about the system. Non-Bayesian methods, in contrast, are founded on 
alternative principles, most notably the optimization of a cost function. The classification can be 
further refined by distinguishing among parametric, semi-parametric, and non-parametric 
approaches. Parametric methods are based on a predefined function form characterized by a finite 
set of parameters to be estimated. In contrast, non-parametric methods do not assume any fixed 
function structure: the model adapts directly to the underlying data distribution. Semi-parametric 
methods combine both paradigms, integrating a parametric core structure with a non-parametric 
component, offering enhanced modeling flexibility while retaining elements of known structural 
behavior. 

The functional form of parametric methods typically reflects an assumed evolution of a 
degradation indicator. This function is commonly known as a degradation model and is often 
constructed from empirical observations. The degradation model can be extended to incorporate 
random phenomena inherent in the indicatorʹs variability, resulting in what is known as a stochastic 
parametric model. A widely used stochastic model for representing degradation processes is the 
Wiener process [104–106]. This model adds Brownian noise to the empirical degradation trend to 
capture random fluctuations. The performances of parametric methods are largely conditioned by 
the choice of the degradation function. Since non-parametric methods rely exclusively on training 
data, they often suffer from limited interpretability and their accuracy strongly depends on the 
quantity and quality of the available training dataset. 

Non-Bayesian methods are widely used, especially non-parametric and semi-parametric 
approaches. Their popularity stems from their reliance on modern artificial intelligence algorithms, 
a major focus of current research. The IGBT and Si power MOSFET accelerated aging database 
published online by PCoE [16,17] has helped draw interest from reliability and data analysis 
researchers, beyond just electrical engineers, leading to the use of advanced learning-based methods 
for power transistor prognosis. These algorithms can capture complex and nonlinear relationships, 
enabling the establishment of a relation between the drift of degradation indicators and component 
aging. These methods exhibit excellent performances when the training dataset is large and of high 
quality with respect to the application domain of the algorithm. The latter category of methods 
includes Support Vector Machine (SVM) and related variants [106–111], Decision Tree [110], or 
Random Forest [109,110,112]. SVM is a supervised learning algorithm that seeks an optimal 
hyperplane to separate data points through successive projections into higher-dimensional spaces. 
The Decision Tree is a supervised learning method that splits data into subsets based on simple 
decision rules, forming a tree-like structure where each leaf represents a final decision or prediction 
derived from the input features. The Random Forest combines multiple Decision Trees to enhance 
robustness and generalization. The latter algorithms are applicable for both regression and 
classification purposes. However, neural networks remain the predominant choice in most published 
works on prognosis tools so far. 

Thanks to their highly nonlinear architecture and advanced learning mechanisms, neural 
networks generally exhibit excellent performance with good generalization capabilities for modelling 
complex systems. However, the inherent high performance comes with significant computational 
demands, due to numerous trainable parameters and the need for larger training datasets compared 
to traditional machine learning methods. Hyperparameter optimization can also be tedious and 
resource-intensive. Various neural network architectures and cell types have been reported in the 
literature. Some schematic representations are provided in Figure 8. 
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Figure 8. Schematic representation of the main neural network architectures reported in the literature (os: output 
sequence). 

Several authors use Feedforward Neural Networks (FNN) [113–119], which are conventional 
neurons organized in an input layer, one or more hidden layers and an output layer as shown in 
Figure 8. However, since aging data are inherently time-dependent and thus sequential, Recurrent 
Neural Network (RNN) architectures are more suitable to handle aging data and therefore more 
frequently employed (Figure 8). These networks feature iterative connections within neurons, 
enabling them to retain contextual information throughout a sequence. To address the vanishing 
gradient problem, which hinders long-term sequence learning, more sophisticated cell types have 
been developed. Long Short-Term Memory (LSTM) cells were introduced in 1997 [120], while [121] 
proposed a lighter variant called Gate Recurrent Unit (GRU) in 2014. Both LSTM [122–140] and GRU 
[126,141–144] cells are now quite systematically used in recurrent architectures for prognosis 
modeling. Bidirectional GRU (biGRU) [112,145] and Bidirectional LSTM (biLSTM) [106,146,147] 
networks are also applied. The latter models process sequences in both directions, capturing past and 
future context, unlike standard RNNs which only move forward. Moreover, GRU and LSTM 
architectures remain flexible enough to be customized for specific needs. For instance [144] proposes 
a modified GRU model, the Gate-Aware GRU, to better capture abrupt variations in the on-state 
voltage of a power device, symptomatic of bond wire lift-off events. In this model, the difference 
between consecutive sequence elements is used as a gate adjustment factor, thus improving 
sensitivity to abrupt temporal changes. With the introduction in 2017 of the Attention Principle [148], 
a new evolution of recurrent models emerged. Attention-based structures [149–155] integrate 
mechanisms that dynamically assign weights to elements within a sequence, allowing the model to 
capture complex degradation patterns. However, this is achieved at the cost of increased architectural 
complexity and computational demand. In parallel, Convolutional Neural Networks (CNN) are also 
widely used [125,126,128,154,156]. Their structure, shown in Figure 8, relies on convolutional filters 
to extract deeper representations from raw sequential data. CNNs are often used as the input layer 
of another neural network structure to enhance the quality of the temporal feature extractions. [157] 
proposed to use reinforcement learning concepts through a Deep Deterministic Policy Gradient 
(DDPG). Reinforcement learning is a machine learning approach where an agent learns to make 
decisions by interacting with an environment and receiving feedback in the form of rewards or 
penalties. The presented Deep Architectures offer high performance for complex datasets though 
they demand significant computational resources. Several studies also explore Extreme Learning 
Machines (ELM) [149,158], which are single-hidden-layer FNN trained using the approach 
introduced in [159]. In ELMs, hidden layer weights are randomly initialized, and output weights are 
computed analytically. These architectures are lightweight and offer rapid training but tend to be less 
accurate on complex or noisy datasets. 

Among non-Bayesian parametric methods, regression algorithms [109,131,160] and concepts 
borrowed from time series analysis, such as Grey models [161,162] and ARIMA/SARIMA [163,164] 
can be found. Regression methods involve algorithms that estimate the optimal parameters of a 
degradation model using statistical principles or optimization techniques. The drawback of these 
methods is their sensitivity to noise. Grey models are mathematical frameworks designed to model 
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and predict system behavior under conditions of limited or uncertain information. They estimate the 
future evolution of a variable from the cumulative sum of known observations 𝑥 = {𝑥ଵ,𝑥ଵ +𝑥ଶ, … , 𝑥ଵ + ⋯+ 𝑥௡} and a simplified state space model ௗ௫ௗ௧ = 𝑓(𝑥) representing the underlying system 
dynamics. They are particularly effective when data are limited in size, but may exhibit reduced 
performance when facing complex or highly nonlinear degradation behaviors. The ARIMA 
(AutoRegressive Integrated Moving Average) model is used to model non-stationary time series. It 
relies on differencing the series to render it stationary, then models future values as linear 
combinations of past values (autoregression) and past errors (moving average). The SARIMA 
(Seasonal ARIMA) model extends this concept by incorporating a seasonal component. 

Among parametric methods derived from Bayesian theory, Maximum Likelihood Estimation 
(MLE) [105,165,166] and Kalman Filters (KF) based algorithms [105,140,145,167–169] can be found. 
MLE is a statistical principle that estimates the parameters of a stochastic model by maximizing the 
likelihood function, thereby identifying the values that make the observed data most probable. Like 
regression methods, the drawback of MLE is its sensitivity to noise. Filtering methods address the 
noise sensitivity issues. The KF is a recursive estimation algorithm for linear dynamic systems 
affected by Gaussian noise. It works in two steps: predicting the next state and updating it using new 
data to minimize error. The Extended Kalman Filter (EKF) [169] adapts this concept to nonlinear 
systems through local linearization. These filters are efficient and computationally fast, provided that 
the process and measurement noises are Gaussian. However, in practice, the accurate estimation of 
the model and the measurement noise remains challenging and critically affects the performance of 
the filter. The Particle Filter (PF) [106,161,168–174] is a semi-parametric extension of the Kalman filter 
applicable to non-linear and non-Gaussian systems. System’s states are represented as weighted 
random samples called particles, each corresponding to a possible hypothesis of the system’s state. 
These particles are iteratively propagated and resampled based on their consistency with 
observations. Although highly general, PFs are computationally demanding, with performance 
depending on both the number of particles and the resampling strategy. Among semi-parametric 
methods, the Gaussian Process Regressor (GPR) [110,157,175–177] can also be found. The GPR is a 
probabilistic regression technique that models observed points as noisy realization of an underlaying 
function drawn from a Gaussian process. This Gaussian process is defined by a mean and a 
covariance (kernel) function. The choice of kernel encodes assumptions about the smoothness, 
periodicity, or other structural properties of the target function, enabling the model to capture 
complex, non-linear dependencies. The optimization of hyperparameters for this method can be 
tedious. 

Other algorithms traditionally used for prognosis exist. However, they are not included in 
Figure 7, as they cannot, or only rarely, be used independently to construct a prognosis tool. They are 
thus generally employed as complements to the algorithms previously discussed. For instance, 
correlation analysis methods [115–118,122,125,152], information fusion [115,117,118,125] or noise 
reduction methods can be mentioned. Considering information fusion, the Principal Component 
Analysis (PCA) [115,117,118,125] algorithm frequently appears in the literature. PCA is a statistical 
method for dimensionality reduction that converts the variables of a dataset into a new set of 
uncorrelated variables, thereby capturing the largest portion of the variance, and thus the 
information, contained in the initial dataset. In the context of noise reduction, the predominant 
approaches consist of moving-average methods, implemented with different degrees of complexity 
and refinement [115,123,127,139,174], ranging from simple moving averages to polynomial 
smoothing methods. [151] uses a noise reduction method based on wavelets. Adaptive signal 
decomposition methods are also encountered, such as Empirical Mode Decomposition (EMD) 
[130,133], Variational Mode Decomposition (VMD) [106,134,146,150], Trend Residual Decomposition 
(TRD) [144] or Complete Ensemble Empirical Mode Decomposition with Adaptive Noise 
(CEEMDAN) [143,153]. Temporal alignment concepts can also be mentioned [143], such as Dynamic 
Time Warping (DTW), which measures the similarity between two sequences by locally stretching or 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 December 2025 doi:10.20944/preprints202512.1810.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.1810.v1
http://creativecommons.org/licenses/by/4.0/


 15 of 33 

 

compressing time to measure the cumulative distance. This alignment minimizes the cumulative 
distance between corresponding points of the sequences. 

3.2.3. Implementation 

In terms of implementation, the authors propose the methodological classification illustrated in 
Figure 9 for Data-Based prognosis methods reported in the literature. 

 

Figure 9. Methodological classification of Data-Based prognosis algorithms identified in the literature (FI: failure 
indicator). 

Two main categories can be distinguished: classification methods and prediction methods. 
Classification methods aim to directly estimate the RUL of a component from measurements of 
degradation indicators. Prediction methods aim to forecast the future evolution of degradation 
indicators or advanced representations such as the Health Index. Prediction methods can be divided 
into two types: those that forecast short-term changes in a degradation indicator over a fixed time 
horizon, and those that model its progression until a failure threshold is reached, from which RUL is 
estimated. Although both approaches fall under the general framework of prognosis, the type of 
information they provide directly influences the predictive maintenance strategy that can be 
implemented. Methods that provide an explicit RUL estimate, either through classification or until-
failure prediction, enable a global assessment of the component’s health status, thus supporting long-
term maintenance planning. Conversely, short-term prediction methods require maintenance to be 
organized over a fixed time horizon, aligning more closely with condition-based maintenance rather 
than predictive maintenance. These methods are typically developed using accelerated aging 
datasets, particularly for classification-based approaches. Prediction methods, especially short-term 
ones, can alternatively be trained solely using historical degradation data collected directly from the 
monitored component. This enables the prognosis tool to capture the specific degradation behavior 
of the component under observation, thereby reducing potential biases associated with training 
datasets generated under different aging conditions. 

Classification methods primarily rely on alignment techniques or machine learning algorithms 
such as SVM, Decision Trees, Random Forests, or neural networks, whereas prediction methods may 
employ any of the algorithms presented in Figure 7. Moreover, regardless of the chosen approach, 
the implementation of a prognosis tool often involves combining multiple algorithms, independently 
from the classification proposed in Figure 7, with the aim of leveraging the complementary strengths 
of each algorithm. 

Regarding non-parametric methods, whether for prediction or classification, the general 
implementation framework is illustrated in Figure 10, based on trends identified in the literature. 
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Figure 10. Tentative schematic overview of the implementation of a non-parametric method. 

Most studies focus on neural network-based approaches, where the main effort is devoted to 
data preprocessing. Given the available data, the aim is to extract as much information as possible 
that accurately characterizes the health state of the component under scrutiny and its evolution over 
time. The literature reports mostly single-indicator approaches, though multi-indicator structures 
could be used [110,112,125,138,145,152]. Multi-indicator methods enhance the amount of information 
provided to the algorithm, generally leading to improved inference performance. However, it 
requires a more sophisticated measurement set up for the device monitoring which can be 
challenging at an industrial scale. Not to mention the intrusiveness of the measurement scheme, 
which could affect the intrinsic reliability of the device. The selected measurement(s) can directly be 
considered as learning feature(s). However, three recurring challenges are typically reported: noise 
measurement, the amount of available information and the quality or redundancy of this information. 
The latter issues can limit the algorithm learning efficiency and generalization capabilities. To address 
noise issues, researchers frequently apply smoothing techniques such as moving average filters 
[115,123,127,139,174], adaptive signal decomposition methods [130,133,134,143,144,146,150,153] or 
wavelet noise reduction [151] to extract the underlying degradation trends. To enrich the information 
content, several authors propose computing new features derived from the original measurements. 
Many works extract temporal statistical indicators such as kurtosis or variance 
[112,117,118,125,152,175], others derive features from frequency-domain representations [124,142], 
while some authors directly use information obtained from adaptive decomposition as input features 
[133,144,150]. Finally, to mitigate redundancy and improve information relevance, several studies 
employ correlation analysis or entropy-based feature selection to retain only the most significant 
features [115,116,118,122,125,152,175], while others implement fusion techniques such as PCA 
[115,117,118,125]. These sequential features are then segmented using a sliding-window approach to 
construct the training dataset. 

Non-parametric prediction methods can be implemented in two modes: single-step or multi-
step ahead [178], operating either in open-loop or closed-loop configuration [142]. Given a sequence 
of past data up to time 𝑡, single-step and multi-step ahead prediction modes respectively generate 
estimates at horizons 𝑡 + 1 and 𝑡 + 𝑛 (with 𝑛 ൐ 1). In the open-loop configuration, predictions rely 
solely on measured data, thus limiting the forecast horizon to short-term predictions. In the closed-
loop configuration, the predicted data are iteratively fed back into the model input, enabling longer-
term forecasts up to a defined degradation threshold. However, this approach inherently leads to 
error accumulation as iterations progress. The choice of prediction mode represents a key aspect of 
the prognosis algorithm design. Nevertheless, many studies lack clarity regarding the prediction 
configuration they employ, thus making it difficult to classify the prognosis method between short-
term and until-threshold prediction. Neural network-based prediction methods also require large 
amounts of training data. Consequently, when models are built exclusively on historical degradation 
data of the monitored component, their predictive accuracy tends to be reliable only during the mid 
to late stages of the component’s life. This limitation can hinder the effective planning and 
organization of maintenance activities. 

Regarding parametric methods, including PFs, the main challenge lies in the selection of an 
appropriate degradation model. Given the highly nonlinear variations which may typically be 
observed in degradation indicators, such as the on-state voltage, several studies propose segmenting 
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the prediction domain of their prognosis tools [105,161,162,170]. In these approaches, the degradation 
model and/or the underlying algorithm are adapted for each phase of the degradation process, as 
illustrated in Figure 11. 

 
Figure 11. Adaptation of the degradation model and/or algorithm across different degradation phases. 

For instance, [162] proposes the use of variable-step GM depending on the degradation stage. 
Similarly, [105] employs a Wiener process in which the degradation model evolves according to the 
aging progression. Another study [161] suggests modifying both the algorithm and the degradation 
model, modeling the early degradation phase with a Verhulst GM and the later phase with a PF based 
on a double-Gaussian degradation model. [160] proposes an empirical degradation model that is 
iteratively refitted via regression each time a bond wire lift off is detected. These variable-dynamic 
architectures aim to adapt to abrupt variations that may occur in degradation indicators, thereby 
improving estimation accuracy. However, they generally fail to predict such abrupt changes over 
long time horizons, restricting their applicability most of the time to short-term prognosis. Regarding 
GPR, [177] proposes an Optimal Scale GPR approach. The main idea is to dynamically adjust the 
correlation interval length to help the model better capture abrupt variations in the degradation 
indicators. 

Some studies aim to integrate Bayesian principles into non-Bayesian methods, primarily to 
enable uncertainty quantification in predictions or classifications. Several papers introduce the 
concept of Mixture Density Neural Networks (MDNN) [122,135]. Instead of training a network to 
predict a single target value, an MDNN is trained to predict the parameters of a probability density 
function whose likelihood is maximized at the target value. Within this framework, the MDNN 
constitutes the output layer of the prognostic neural network, enabling the assessment of a confidence 
level for each prediction. In [144], the authors propose to train a dedicated neural network for 
uncertainty estimation, based on statistical considerations rather than probabilistic modeling. The 
authors in [152] use Monte Carlo drop out to evaluate the uncertainty of neural network prediction. 
The authors in [108,174] propose to combine the output of their non Bayesian model with a PF and 
thus model the uncertainty of their model’s prediction through the PF particles. 

Other works explore more advanced algorithmic combinations [106,143]. For instance, [143] 
combines alignment-based methods with recurrent neural networks and stochastic processes, 
leveraging the strengths of each approach to enhance prognosis robustness and reliability. 

3.2.4. Advanced Optimization Concepts 

Other studies have focused on advanced optimization strategies designed to improve both the 
performance and robustness of prognostic algorithms. Many authors have explored the 
implementation of metaheuristic optimization algorithms inspired by natural phenomena. 
Regarding hyperparameter optimization, [111] employs a Crested Porcupine Optimizer to tune the 
hyperparameters of an SVM, while [114] uses an improved Dung Beetle Algorithm to optimize those 
of an FNN. Similarly, [146] applies a Pelican Optimization Algorithm to optimize the 
hyperparameters of an RNN, and [158] and [139] utilize a Whale Optimization Algorithm to 
respectively improve the learning of an ELM and tune an RNN. [177] implements an Ant Lion 
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Optimizer to dynamically adjust the correlation interval length in an Optimal Scale GPR model. For 
PF optimization, [171] applies Particle Swarm Optimization, while [168,172] adopt genetic algorithms 
to improve the resampling process of PF particles. 

Other optimization ideas could be found. In [142], a Scheduled Teaching and Professor Forcing 
training strategy is implemented to improve the closed-loop prediction accuracy of RNNs. However, 
enhancing the generalization capabilities of models has remained one of the most significant research 
directions in recent years. These optimization approaches are primarily applied within the field of 
neural network-based prognosis, encompassing studies focused on dataset augmentation [122] and 
Transfer Learning techniques [143,152,156,179] 

[122] enhances the accelerated aging dataset through a synthetic data generation approach 
known as the Conditional Tabular Generative Adversarial Network (CTGAN). CTGAN is an 
adversarial learning model designed to generate realistic synthetic tabular data. It consists of two 
main components: a generator, which produces synthetic samples based on the statistical distribution 
of the training dataset, and a discriminator, which attempts to distinguish real data from synthetic 
one. During training, these two modules are optimized in a competitive process until the generator 
can produce synthetic data that the discriminator can no longer differentiate from real samples. 
CTGAN introduces mathematical mechanisms to ensure the global statistical consistency of the 
generated dataset, thereby preserving the structural and statistical properties of the original data 
distribution. 

Transfer Learning methods, also known as Domain Adaptation, are optimization techniques 
designed to improve the performances of a neural network trained on a source domain when applied 
to a target domain. In this context, the source domain consists of an accelerated aging dataset, while 
the target domain contains actual aging data of the component under prognosis evaluation. By 
definition, the source domain provides a large, well-labeled dataset, whereas the target domain offers 
a significantly smaller one. [179] proposes a Weakly Supervised Adversarial Training (WSAT) 
method, based on Weakly Supervised Domain Adaptation (WSDA). The objective of WSDA is to 
align the data distributions of the source and target domains, allowing the model to effectively 
leverage knowledge from the source domain to improve performance on the target domain. In 
WSAT, this domain alignment is achieved through adversarial training. Other works [143,152] 
employ Transfer Learning methods based on network fine-tuning, a concept popularized by large 
language models. The approach consists of initially training a network on a generic, large-scale source 
dataset, and then refining its training to adapt to the specific requirements of the target domain. For 
instance, [143] trains a neural network on a dataset of various aging indicator curves. The network is 
then fine-tuned using real aging data from the target component, selecting source curves that are 
closely similar to the behavior of the measured target component. 

3.3. Hybrid Methods 

3.3.1. General Considerations 

Hybrid methods combine concepts derived from both Physics-Based and Data-Based 
approaches, with the objective of leveraging the advantages of each. Data-Based methods, through 
their algorithmic frameworks, can compensate for the incomplete physical modeling of Physics-
Based approaches and thus strengthen their predictive capabilities. Conversely, incorporating 
physical principles into a Data-Based method can guide the learning process of the algorithm, 
reducing the amount of training data required and improving the interpretability of the resulting 
model. 

The degree of hybridization in a prognosis method can vary significantly, ranging from a simple 
inclusion of physics-informed features within a neural network learning process to more 
sophisticated frameworks that deeply integrate both Data-Based and Physics-Based concepts. 
Accordingly, the authors propose to distinguish between light hybridization and strong 
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hybridization. The following section presents the latest advances and trends reported in the 
literature. 

3.3.2. Light Hybridization 

Light hybridization prognosis methods introduce physical principles into Data-Based 
approaches or, conversely, employ Data-Based algorithms to support Physics-Based methods, 
without establishing a deeply integrated connection between the two. 

For Data-Based methods enhanced by physical concepts, one notable example is the Physics-
Informed Neural Network (PINN). PINNs are neural networks whose learning process and/or 
architecture are constrained by physical laws. The loss function of such networks can therefore be 
expressed by equation (7): Loss(𝑦୲୰୳ୣ ,𝑦୮୰ୣୢ)  =  𝑓 ୰୰୭୰(𝑦୲୰୳ୣ ,𝑦୮୰ୣୢ)  +  𝑓୮୦୷ୱ୧ୡୟ୪(𝑦୮୰ୣୢ) (7)

This loss function evaluates the error between the true target value and its prediction, while 
penalizing predictions that violate established physical principles. The implementation of this 
penalization can vary in complexity. In the context of light hybridization, the penalization typically 
relies on simple physical constraints. For instance, [137] proposes a Data-Based classification method 
using a RNN. As detailed by equation (1), the RUL is bounded between 0 and 1 and decreases over 
time. Therefore, [137] introduces a loss function that penalizes RUL predictions falling outside this 
range or violating this monotonicity criteria, thereby guiding the network’s learning process. Those 
physical constraints are found in [147] too. Similarly, [136] develops a method for predicting 
variations in on-state voltage, which are also assumed to be monotonic. In this case, the authors 
penalize predictions whose first and second derivatives are non-positive during the training phase 
to improve the physical consistency of the model outputs. 

Regarding Physic-Based methods supported by algorithms from Data-Based concepts, one 
relevant example is the use of machine learning algorithms as surrogates of FEM simulations. As 
discussed in Section 3.1.2, the stress quantities used in physical lifetime model approaches are 
typically computed through FEM simulations based on the component’s operating conditions. 
However, such simulations require significant computational resources, time and detailed 
knowledge of the component architecture. To address this issue, authors [107,180] propose training 
a machine learning algorithm from FEM simulation results. The underlying idea is to leverage the 
generalization capabilities and computational efficiency during inference of machine learning 
algorithms to avoid time consuming FEM simulations at inference. 

3.3.3. Strong Hybridization 

Prognosis methods based on strong hybridization generally involve a sophisticated integration 
of Physics-Based and Data-Based concepts. As a result, it is more difficult to identify common 
methodological trends, since each study typically introduces a novel contribution. 

For example, [129] proposes a classification method that accounts for the influence of the 
component’s ambient temperature on the acceleration of its degradation. Their approach includes an 
estimation of the component’s junction temperature. By using the measured ambient temperature, 
the authors compute the degradation acceleration factor according to the Arrhenius law, which is 
then incorporated as an input feature into a neural network. [165] proposes an until-threshold 
prediction method based on a stochastic model whose parameters are estimated via maximum 
likelihood, with the degradation model derived from Paris’ law describing crack propagation. [180] 
introduces a complex until-threshold prediction framework. A GPR is used to evaluate the crack 
length of the chip-bond wire interface from the on-state voltage. An SVR, trained from FEM 
simulation results, evaluates physical quantities like average contact stress of the crack length and 
usage conditions. Then, a Markov chain is implemented to evaluate the crack length evolution from 
the latter physical quantities and thus infer the variation of the on-state voltage. The process is 
iteratively repeated until the predicted on-state voltage reaches a threshold. 
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Finally, regarding PINNs, the physical penalization term in equation (7) can be extended beyond 
simple boundary or monotonicity constraints [155,156]. For instance, [156] proposes to compare the 
network’s predictions with those obtained from a Physic-Based model and to penalize prediction 
deviations. 

4. Discussion 

The previous section provides an overview of the various methods and trends reported in the 
literature concerning the prognosis of power semiconductor devices for health state and RUL 
prediction, while highlighting common advantages and limitations associated with these approaches. 
The present section aims to take a step further by offering a critical perspective on methodological 
concepts and implementation feasibility aspects that are often underemphasized in existing studies. 

Regarding Physics-Based PoF methods, the main challenges concern the estimation of the stress 
profile and the understanding of the sequencing of degradation cycles. Evaluating stress profiles, 
whether linked to direct or indirect physical constraints, requires analyzing thermal stress, itself 
determined by the component’s wear-out conditions. Although some studies such as [67] try to 
address this issue, this dependency remains insufficiently considered. This requires evaluating a 
complex multi-degradation model or accessing the junction temperature (𝑇௝) of the device through 
measurement. Measuring the junction temperature of the MOSFET is itself a dedicated research topic. 
Measurement approaches are generally divided into direct and indirect methods [181]. Direct 
measurement techniques rely on physical [182] or optical sensors [183,184]. These methods are often 
intrusive and thus unsuitable for industrial applications, except for specific devices integrating built-
in temperature sensors which are still a minority within the power se-miconductor market. 
Consequently, the literature primarily focuses on non-intrusive indirect methods, which also offer 
good measurement dynamics. These are generally divided into two categories: those based on 
Temperature-Sensitive Electrical Parameters (TSEP) [181,185,186] and those relying on 
electrothermal models [187,188]. TSEPs are electrical quantities that vary with temperature. Based on 
a pre-established calibration curve, TSEP measurements provide an estimate of 𝑇௝ during operation. 
However, the TSEPs reported in the literature are also degradation indicators. In other words, an 
electrical parameter of the MOSFET varies not only with temperature but also with device aging. 
Therefore, beyond the challenge of online TSEP measurement itself, an additional challenge lies in 
recalibrating the temperature curve during operation. Some methods have been proposed in the 
literature [189–191]. They typically require a shutdown phase of the converter, which could be 
impractical for some industrial applications. Electro-thermal models estimate 𝑇௝ by evaluating the 
device power losses together with a thermal model linking the chip to the baseplate or heatsink. 
Similar to TSEPs, device power losses evolve with aging, and the thermal model itself drifts over time 
due to solder layer delamination among other factors [192]. Consequently, accurately extracting the 
temperature stress profile of the device remains a major challenge to ensure the relevance and validity 
of the applied lifetime model. 

Lifetime models and their aggregation methods generally do not account for the sequencing of 
stress experienced by the component. In the works presented in [193,194] the authors compare the 
impact of temperature cycling sequence order. They demonstrate that the lifetime of a component 
subjected to a cycling sequence of Δ𝑇஺ followed by Δ𝑇஻ differs from that of a component exposed to Δ𝑇஻  followed by Δ𝑇஺  with similar time patterns. This finding contradicts the assumptions of the 
Miner’s rule, which is based on a hypothesis of linear damage accumulation. The impact of variable 
stress aging sequence remains largely underexplored in the literature, and the physical 
understanding of the phenomena at hand is still incomplete. Consequently, most Physics-Based 
methods exhibit a limited range of applicability, constrained by the validity of their underlying 
assumptions. 

Regarding Data-Based prediction methods, their performance and applicability are conditioned 
by the behavior of the degradation indicators. Indeed, predicting the evolution of the on-state voltage 
as shown in Figure 5 – Shape A is significantly more complex than predicting the one illustrated in 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 December 2025 doi:10.20944/preprints202512.1810.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.1810.v1
http://creativecommons.org/licenses/by/4.0/


 21 of 33 

 

Figure 5 – Shape B. This explains why methods attempting to predict the variations represented in 
Figure 5 – Shape A are generally limited to short-term forecasts to achieve satisfactory estimations. 
Under these conditions, comparing different Data-Based prediction methods may lack of relevance. 
Nonetheless, some critical observations can be made concerning studies employing neural network 
models. A recurring trend is the increasing use of more complex neural architecture without 
sufficient consideration of their actual relevance. Degradation indicators reflect the progressive wear-
out of a component. The relevant information about the component’s health condition lies primarily 
in the long-term drift trend, rather than in the short-term fluctuations of the indicator. However, 
many authors keep proposing increasingly sophisticated models, justifying their superiority over 
simpler architectures, thanks to their ability to capture finer high-frequency variations of degradation 
indicators, which are variations that indeed theoretically contain no meaningful information. 

Regarding non-parametric Data-Based methods, a major limitation that is scarcely discussed in 
the literature concerns the issue of out-of-sample prediction. The performance of these methods is 
highly dependent on the degree of similarity between the training dataset and the operational 
domain in which the algorithm is applied. Consequently, non-parametric prediction methods trained 
on real-time degradation data from the target component are effective only when the information 
contained in the early stages of the component’s degradation can be generalized by the model to the 
later stages of aging. Such generalization is feasible for simple degradation trends, as illustrated in 
Figure 5 – Shape B, but becomes unachievable when the degradation behavior is complex, as shown 
in Figure 5 – Shape A. Regarding classification or prediction methods trained on predefined datasets, 
most studies validate the performance of their prognosis tools using components that have 
undergone the same degradation process as those represented in the training data. While this 
approach may confirm the correct operating of the algorithm, it does not provide meaningful insight 
into the true performance of a prognosis method, whose purpose is to assess the RUL of components 
undergoing real, non-accelerated aging, as discussed in Section 2.1. A few studies have attempted to 
evaluate their prognosis tool under out-of-sample conditions [122,126,180] by using components 
subjected to a slower degradation process than those used during training. This experimental setup 
provides a more reliable assessment of the actual relevance and robustness of the proposed prognosis 
methodology. 

Moreover, the selection of degradation indicators used in Data-Based prognosis methods is often 
made without sufficient consideration of practical implementation aspects, as highlighted in [195]. 
Many studies employ indicators that exhibit strong sensitivity or good linearity with respect to the 
underlying degradation, though their accurate online measurement in industrial environments 
remains highly challenging. In this context, [170] proposes a multi-criteria comparison of the main 
degradation indicators for IGBTs, emphasizing the trade-off between the sensitivity of each indicator 
to a given degradation mechanism and the feasibility of its online measurement. 

In industrial environments, data acquisition is typically managed through a Supervision Control 
And Data Acquisition (SCADA) framework. SCADA systems integrate sensors, actuators, and 
programmable logic controllers (PLCs) to collect real-time operational data, which are transmitted to 
centralized supervisory servers for monitoring, control, and analysis. With the advent of modern 
Internet of Things (IoT) technologies, these frameworks enable the centralization of computational 
resources for large-scale data processing and decision-making. However, in some applications, such 
centralization is impossible. In such cases, the prognostic algorithm must be embedded directly 
within the operational unit, raising concerns about its computational cost and real-time feasibility. 
This concern remains underexplored in the literature [110,153]. 

Finally, regardless of the prognosis approach used, very few authors consider the notion of 
uncertainty in their predictions. A prognosis method fundamentally relies on a prediction, and it is 
therefore essential to estimate the degree of confidence associated with these predictions. Without 
such an assessment, it is infeasible to implement a truly effective predictive maintenance strategy. It 
is all the more complex because prognostic approaches are inherently affected by multiple 
uncertainties [196]. As detailed in Section 3.2.3, Bayesian tools provide a consistent framework to 
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evaluate and propagate uncertainty, even when the underlying prognostic algorithm itself is non-
Bayesian. However, many authors do not integrate uncertainty modeling into their prognostic tools, 
thereby rendering them irrelevant for practical predictive maintenance implementations. 

5. Conclusions 

This article presents a comprehensive literature review on prognosis methods for SiC MOSFETs, 
highlighting methodological trends and current limitations. The prerequisites for designing an 
effective prognosis tool are discussed in detail. The assumptions underlying accelerated aging 
experiments for SiC MOSFETs can significantly constrain the applicability of the developed 
prognosis methods. Research articles published up to 2025 proposing prognosis techniques for power 
semiconductor devices were identified through OpenAlex and manually filtered according to the 
scope of this study. The selected approaches were classified into three main categories: Physics-
Based, Data-Based, and Hybrid methods. Physics-Based methods primarily rely on PoF approaches. 
The extraction of stress profiles and the understanding of the impact of stress sequencing on 
component aging remain the major limitations to the robustness of Physics-Based prognosis tools. 
Data-Based methods represent most of the reviewed works, with a significant proportion relying on 
neural networks. From a methodological framework, these approaches can be classified into two 
categories: classification methods and short-term or until-threshold prediction methods. The 
performance of such methods is highly dependent on the evolution patterns of degradation 
indicators, while validation through out-of-sample testing remains unfortunately uncommon. 
Hybrid methods have recently gained increasing attention in literature. Depending on the degree of 
integration, they aim to mitigate the shortcomings of data-based methods by incorporating physics-
based principles, and conversely. Overall, too few studies address the evaluation of uncertainty 
associated with prognosis predictions, which is essential for the reliable implementation of predictive 
maintenance strategies. Despite significant methodological and algorithmic progress, ensuring the 
reliability of prognosis tools for SiC MOSFETs remains an open research challenge so far. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

CNN Convolutional Neural Network 
CTE Coefficient of Thermal Expansion 
CTGAN Conditional Tabular Generative Adversarial Network 
DBC Direct Bounded Copper 
EKF Extended Kalman Filter 
ELM Extreme Learning Machine 
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FEM Finite Element Modeling 
FNN Feedforward Neural Network 
GM Grey Model 
GPR Gaussian Process Regressor 
GRU Gate Recurrent Unit 
IGBT Insulated Gate Bipolar Transistor 
KF Kalman Filter 
LSTM Long Short-Term Memory 
MDNN Mixture Density Neural Network 
MLE Maximum Likelihood Estimation 
MOSFET Metal Oxide Semiconductor Field Effect Transistor 
PCA Principal Component Analysis 
PCoE Prognostics Center of Excellence 
PF Particle Filter 
PINN Physic Informed Neural Network 
PoF Physics of Failure 
RNN Recurrent Neural Network 
RUL Remaining Useful Life 
SCADA Supervision Control And Data Acquisition 
SOA Safe Operating Area 
SVM Support Vector Machine 
TSEP Thermo Sensitive Electrical Parameter 
WBG Wide Band Gap 
WSAT Weakly Supervised Adversarial Training 
WSDA Weakly Supervised Domain Adaptation 
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