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Abstract: This perspective paper examines the research gaps, methodological 
frameworks, and future directions for degradation estimation, fault pre-warning, 
and operation optimization of power electronic components and systems. 
Reliability and availability have become as decisive as efficiency and power density 
in many applications, because unplanned downtime, maintenance, and premature 
end of life contribute substantially to the life-cycle cost of ownership. Despite 
extensive academic research on condition monitoring of DC-link capacitors and 
power semiconductor devices, on prognostics, and on reliability-oriented control, a 
gap persists between the reported advances and the needs and constraints of 
industrial deployment. Drawing on a review of these developments, the paper 
identifies the scientific and implementation challenges involved and discusses 
methodological perspectives that connect failure time scales, monitoring 
implementation, end-of-life criteria, performance verification, and operation 
optimization across component and system levels, covering model-based, data-
driven, and hybrid approaches. Finally, it outlines research directions toward more 
reliable, highly available, and cost-effective power electronic systems through 
condition-aware and risk-informed operation.  

 
Keywords: condition monitoring; DC-link capacitors; end of life; failure time scales; 
fault pre-warning; operation optimization; power semiconductor devices; prognostics 
and health management (PHM); remaining useful life (RUL); verification 

1. Introduction 

Power electronic converters are on the critical path of electric vehicles (EVs), rail traction, aircraft, renewable 
generation, and data centers, and a converter failure can stop the whole service. Reliability and availability have 
become design targets on a par with efficiency and power density. The European Center for Power Electronics 
(ECPE) surveyed its member companies on the trends expected to improve future reliability [1]. Condition 
monitoring (CM) and control that avoids stressful operating conditions received the second-highest scores, after the 
use of components proven to be robust and reliable [1]. Only 13 % of the 51 respondents considered the current 
quantity and focus of reliability research adequate [1]. An earlier industry survey identified a significant need for 
better reliability-monitoring methods and indicators [2]. Field studies show why this need persists. In wind-turbine 
converters, thermal-cycling fatigue of bond contacts and die-attach solder is not a relevant cause of the observed 
failures, whereas humidity is a likely driver [3,4]. Basic tests or electrical characteristics may not reveal the health 
state of insulated-gate bipolar transistors IGBTs after a fault or after years of service [5,6]. 

The underlying techniques have been reviewed extensively, but mostly by physical principle rather than by the 
conditions that decide deployment. Reviews cover CM for device reliability [7,8] and the reliability and CM of DC-
link capacitors [9–11], the latter classified by measurement principle and by online or offline use. Further reviews 
address the physics of failure and prognostics of IGBT modules [12], junction-temperature measurement with 
temperature-sensitive electrical parameters (TSEPs) [13,14], artificial intelligence (AI) for power electronics [15], 
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the cost and complexity of intelligent maintenance [16], and the state of the art of power electronics reliability [17]. 
IEEE Std 1856-2017 defines a framework for prognostics and health management (PHM) of electronic systems, 
and ISO 13381-1 gives general guidelines for the prognostics of machines [18,19]. These publications remain the 
reference for individual health indicators, measurement circuits, and algorithms, and they are not repeated here. 

The existing reviews rarely address why so few of the reported methods have been adopted in industrial 
applications. The contribution of this paper lies in new perspectives on condition monitoring and operation 
optimization, with the following specific aspects: (1) a systematic mapping of failure and degradation mechanisms, 
their time scales, and the resulting opportunities for protection, fault diagnosis, and prognosis; (2) a summary of 
the operation windows available for condition monitoring of long-term degradation and for the estimation of the 
remaining useful life (RUL); (3) an update, from the implementation perspective, of the classification of condition 
monitoring methods used in most of the existing literature; (4) a more comprehensive set of end-of-life (EOL) 
criteria; (5) an analysis of the limitations of the existing verification methods; and (6) a placement of the measures 
of operation optimization, with their side effects, on the same time axis as the failure processes. Based on these 
perspectives, six future research directions are discussed. 

2. Failure and Degradation Processes on a Time-Scale Axis 

The classification of a failure as catastrophic or wear-out describes its end state. Whether the failure can be 
managed depends on the time between the first detectable change and the loss of function, which reliability-
centered maintenance calls the P–F interval [20]. Let TW denote this warning window, TD the detection latency of 
a monitoring function, and TA the time needed to act, all in seconds. The action may be to turn off a device, to 
derate, or to schedule a service visit. The function is feasible only if TD + TA < TW. The condition applies to 
protection, diagnostics, and prognostics alike. For events without a precursor, TW is essentially zero, and only a 
reactive protection or a design margin remains. For power electronic components, the warning windows of the 
processes in Figure 1 span about 18 orders of magnitude, from below a nanosecond to about 20 years. 

 

Figure 1. Failure and degradation processes of power electronic components and systems on a logarithmic time axis 
(non-exhaustive, for illustration). The axis is divided into actions after a failure occurs (protection and diagnostics, 
gray) and before it occurs (prognostics, blue). The prognostics band is split into short-horizon pre-warning and long-
horizon estimation of the RUL or degradation level. Each bar shows the time scale of the failure process, i.e., the 
window TW available for the actions at the top. Band boundaries are indicative. The dashed line at 1 µs marks the range 
in which protection overlaps with device and gate-driver design. * Duration estimated. † Indicative durations. The cited 
references address the short-circuit capability of the respective devices, not these exact ranges. Studies cited in the 
figure: refs. [4,9,12,21–34]. 
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Figure 1 is divided into four functional bands. Each bar shows the time scale of the failure process, which is 
also the window TW available for the actions at the top of the figure. A function in a band is feasible only if its TD + 
TA is shorter than the bars in that band. Protection covers nanoseconds to about a millisecond, including short circuits 
of IGBTs, SiC metal–oxide–semiconductor field-effect transistors (MOSFETs), and GaN high-electron-mobility 
transistors (HEMTs) [21–23] and cosmic-ray-induced burnout, which has no measurable precursor [24,25]. The band 
boundaries depend on the device technology. At high DC-link voltage and temperature, commercial SiC 
MOSFETs withstand a short circuit for only several microseconds [22], and GaN HEMTs can fail after only a few 
hundred nanoseconds, although their robustness is widely dispersed [23]. For both, short-circuit protection 
becomes part of the gate-driver design. Protection, device design, and monitoring overlap here. Diagnostics covers 
milliseconds to seconds, mainly open-circuit faults, which established methods diagnose within a fraction of a 
fundamental period to about two periods [26,27]. Pre-warning covers seconds to about a week: over-temperature after 
a loss of cooling, overvoltage and ripple overload of electrolytic capacitors, and condensation [4,28–30]. Partial 
discharge in power-module packaging under the fast voltage transitions of wide-bandgap devices is a further 
precursor. In the long run, it can degrade the silicone gel and the substrate and eventually lead to breakdown [35]. 
Measurable precursors exist for these processes, yet measured distributions of the lead time between precursor and 
failure are absent from the literature reviewed for this paper. Long-horizon prognostics covers weeks to years: 
gate-oxide wear-out, humidity-driven corrosion of film capacitors, electrolyte loss, and bond-wire and solder 
fatigue [9,12,31–33]. Most CM studies address this band. 

The time axis has three consequences. The sampling and decision rate of a monitoring function should be 
derived from TW of the fastest failure mode it is meant to cover. Fast events can also provide data for long-horizon 
prognostics. A self-healing event of a film capacitor lasts microseconds, and its energy and duration relate to the 
damage of the electrode and the film and thus to the loss of capacitance [34]. The pre-warning band has received 
the least attention in condition monitoring research, although its precursors are known. It is a promising field for 
research. The remainder of this paper uses long-horizon degradation estimation and RUL prognostics as the 
running example. 

3. Classification of Condition Monitoring Methods 

This section separates the two attributes of a monitoring method that decide its deployability, reviews the 
operation windows in which health indicators can be acquired, proposes a classification on these two attributes, 
and illustrates the classification with four examples. 

3.1. Hardware Implementation and Processing 

The conventional classes (sensor-based, model-based, and data-driven) [10] conflate two attributes. A 
monitoring function first obtains health indicators typically from currents, voltages, and temperatures, which 
determines its hardware implementation and hence its cost, risk, and certification effort for the product. It then 
processes the health indicators, or the measured signals directly, into information for diagnostics, prognostics, and 
actions, which can be model-based, data-driven, or hybrid. The first attribute largely decides whether a method can 
be deployed, and the second how well it infers the health state. Recent work already emphasizes the first attribute, 
for instance by estimating the capacitance without hardware or software modification [36] or by limiting the 
additional risk that monitoring introduces [37]. In practice, several models are often combined to make the prediction 
more robust [38]. 

3.2. Operation Modes and Service Life 

Most methods are designed for normal operation, where load dynamics, switching noise, and the risk of 
interfering with the operation are largest. Special operation modes offer more favorable conditions and occur 
frequently (Figure 2a). Household vehicles in the United States are parked for about 95 % of a typical day and 
driven for 64.6 min on average (2022 data) [39]. Each shutdown of an EV traction inverter includes an active DC-
link discharge. Post-crash safety regulations accept, among alternative criteria, a high-voltage bus voltage of at 
most 60 V DC, measured from 5 s after the impact [40,41]. After a regular shutdown, the discharge has to comply 
with regulatory limits, for example, less than 5 s in the European Union and less than 3 s in China [42]. Railway 
traction converters undergo a nighttime routine inspection [43], and aircraft drives perform a discharge after each 
landing [44]. The windows depend on the operating strategy: a photovoltaic (PV) inverter that provides reactive 
power at night, for example, has no idle window and has to rely on online methods (rows C and D of the 
classification in Section 3.3). Such windows have been used mainly for capacitor monitoring [45–48] and less 
often for semiconductors [49,50], and continuously operating systems such as uninterruptible power supplies 
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(UPS) do not provide them. Figure 2b adds the service-life dimension: RUL estimation is needed only when the 
wear-out risk becomes relevant, which may be in the later stage of the designed service life and during a lifetime 
extension. Monitoring can be scheduled accordingly, which reduces its demands on computation, data storage, and 
certification for most of the service life. 

 

Figure 2. Operation modes and service life. (a) Operation modes of five applications on a 24-h axis. Black marks 
denote start-up and shut-down windows, which are natural transients or can host a programmed self-check. Typical 
values, not measured duty cycles. (b) Estimation of the RUL or degradation level is activated when the wear-out 
failure risk exceeds an activation level. Studies cited in the figure: refs. [39,43,44]. 

3.3. Proposed Classification 

Figure 3 classifies CM implementations into five hardware categories (rows A–E) and three processing 
methods (columns 1–3) and lists representative studies [36,42,43,46,48,49,51–76]. In rows A and B, the power 
stage is not in operation, so monitoring does not affect the operation of the product. Row A would perform a 
programmed self-check with an auxiliary supply and the existing signal-level circuits. Functional self-tests of this 
kind exist. Automotive gate drivers include built-in self-tests of their protection comparators and gate-path 
integrity checks against latent faults [77]. A patented test sequence charges a capacitor, disconnects the gate driver 
from its supply, drives the gate of the device from the stored charge, and measures the gate charge [78]. None of the 
studies reviewed for this paper, however, uses such in-system resources to quantify degradation against an EOL 
margin, and this is the gap that row A denotes. The closest published works add test circuits. These are supplied from 
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the auxiliary battery and designed to be embedded in the gate drive of an EV inverter [53], or dedicated to a pre-
operational switch diagnosis [52]. They belong to row B, together with external injection units [43,51] and a current 
injection at idle time by circuitry embedded in the gate drive [49]. The boundary of row A is the energized power 
stage: diagnostic routines that switch the power stage, for example to apply test vectors or to pre-charge the DC 
link during start-up [46,47], do not qualify and belong to row C. A conceptual row A method could use the isolated 
supply of an existing gate driver while the DC link remains de-energized. It could measure the gate leakage current 
of the devices, which together with the threshold voltage indicates gate-oxide degradation [31], or check the integrity 
of the temperature sensors. Row C changes nothing in the product hardware and uses existing sensors in normal 
or special operation modes. It is the most scalable route, but it is fully exposed to the cross-sensitivities discussed 
in Section 5. Row D upgrades existing circuits within the same layout, for example their sensing accuracy or 
sampling rate, and row E adds dedicated sensing or injection circuits. 

 

Figure 3. Classification of condition-monitoring methods by hardware implementation (rows A–E) and processing 
of health indicators (columns 1–3), with cell identifiers such as C2. Row C (blue) requires no hardware change and 
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is the most scalable route. For row A, no study in the reviewed literature quantifies degradation with in-system 
resources only. Notation: CNN—convolutional neural network, DC—direct current, EMI—electromagnetic 
interference, LC—inductor–capacitor, LSTM—long short-term memory, ML—machine learning, PIML—
physics-informed machine learning, PSO—particle swarm optimization, RLS—recursive least squares, TSEP—
temperature-sensitive electrical parameter, WBG—wide bandgap, Tj—junction temperature, Von—on-state voltage. 
Studies cited in the figure: refs. [36,42,43,46,48,49,51–76]. 

In the reviewed literature, capacitor monitoring is mostly found in row C, because capacitance and equivalent 
series resistance (ESR) are observable in signals that the converter already measures. Semiconductor monitoring 
is mostly found in rows D and E, because millivolt changes of the on-state voltage are not. Data-driven and hybrid 
methods appear in all online rows, including row E [73,75], which indicates that hardware implementation and 
processing are largely independent attributes. The reliability implication grows from row C to row E, since each 
added circuit adds a failure path. Neither a parts-count reliability prediction of a CM circuit nor an ISO 26262 
diagnostic-coverage analysis of a CM function in a traction inverter [79] is found in the reviewed literature. A 
pragmatic design principle follows. Methods without hardware modification are preferred as long as the warning 
window permits. Hardware is added only where it serves a second function, such as protection [70]. Row A 
deserves investigation, because many converters already provide an auxiliary supply and gate drivers. 

3.4. Examples from the Author’s Previous Research 

Four examples from the author’s previous research illustrate representative implementations in rows B to E. 
Details are given in the cited papers. 

3.4.1. Example 1: Injection in the Power-Off State 

Traction, wind, and PV converters have power-off windows in which a test signal can be injected without 
affecting the operation [51]. In railway traction converters, the DC link contains an inductor–capacitor (LC) 
resonant circuit in parallel with the DC-link capacitor (Figure 4a). A battery-powered hand-held unit is connected 
during the nighttime inspection (Figure 4b). It superimposes an AC signal on a DC offset, at two excitation 
frequencies selected from the impedance characteristic of the DC link (Figure 4c). A digital twin solved by the bat 
algorithm then estimates the DC-link and resonant capacitances concurrently. On a full-scale traction inverter test 
platform, the average error is below 0.7 % and the maximum error is 1.5 % [43]. A related method estimates the 
parameters of second- to fourth-order LC networks from the response to a DC step, with errors below 1.6 %, 2.5 %, 
and 3 %, respectively [51]. Because the converter is de-energized, row B avoids the cross-sensitivity to operating 
conditions. The price is a maintenance visit and a test unit, but the method can serve as a reference for 
benchmarking online methods. 

 

Figure 4. Cont. 
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Figure 4. Example 1: condition monitoring of the DC-link capacitors of a railway traction converter in the power-
off state [43]. (a) Traction converter: DC link with the DC-link capacitor C1 and the LC resonant circuit (L2, C2) 
between the busbars, the line inductance Ls, and the discharge resistors Rd1 and Rd2 [43]. (b) Hand-held test unit, 
top and bottom layers. (c) Schematic of the test unit. The output of an isolated DC–DC converter (DC component) 
in series with the filtered output of a full-bridge inverter (AC component) is injected through a delay switch and 
the switchable divider resistors Rs. Us(t) and Uc(t) are the measured injection and tested-circuit voltages, and DSP 
denotes the digital signal processor. (a,b) Reprinted with permission from ref. [43]. Copyright 2025, IEEE; (c) 
adapted with permission from ref. [43]. Copyright 2025, IEEE. 

3.4.2. Example 2: Discharge Time as a Converter-Level Indicator 

In EVs, the inverter or its power stage is usually the smallest replaceable unit, so the primary operational 
concern is whether the inverter or its power stage needs replacement [42]. The discharge time, measured between 
two DC-link voltage levels during the mandated discharge after shutdown, answers this question with signals that 
the inverter already measures (Figure 5). In the current-regulated discharge operation mode, a lower capacitance 
stores less energy, and a higher on-state resistance dissipates it faster. The degradation of either component 
therefore shortens the discharge time. In a purely resistive discharge path, a higher resistance would lengthen it 
instead. The raw discharge times scatter with the rotor angle and the coolant temperature. The method groups the 
data on a map of these two conditions and normalizes the median of each period to that of the healthy first year of 
operation. The decision is to be based on the rate of change [42]. The same time window has been used for DC-
link capacitance estimation [36,44], power module on-state voltage measurement [50], and a junction-temperature 
calibration [80]. The limitation is that a converter-level indicator cannot locate the degraded component. It suits 
cases in which the converter is the smallest replaceable unit. 
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Figure 5. Example 2: discharge time of an EV traction inverter as a converter-level health indicator [42]. (a) Test 
setup with DC source VDC, DC-link capacitor C, inverter switches Q1–Q6 with antiparallel diodes D1–D6, electric 
machine (EM), temperature control system, gate driver, controller (PLECS RT Box), and signal measurement 
boards for the DC-link voltage vdc and the phase currents ia, ib, ic. Adapted with permission from ref. [42]. Copyright 
2026, IEEE. (b) Experimental discharge waveform after shutdown (d-axis current reference id,ref = 100 A, initial 
DC-link voltage 400 V, rotor electrical angle 3π/5, coolant temperature 24 °C): DC-link voltage with the discharge 
time between 330 and 160 V, phase currents, duty cycles da, db, dc, and junction temperature Tj,Q3 of Q3. Reprinted 
with permission from ref. [42]. Copyright 2026, IEEE. 

3.4.3. Example 3: Physics-Informed Machine Learning for Circuit Parameter Estimation 

Physics-informed machine learning (PIML) estimates the inductance, the capacitance, and the parasitic resistances 
of a buck converter by coupling a neural network with the dynamic model of the converter (Figure 6) [57]. Intermediate 
latent states between the observable samples are constrained by the forward and backward equations of the 
converter model, so that only a small training data set is required, taken from the feedback signals available for 
control [57]. The processing method is hybrid. Like the digital-twin method of [65], the method requires sampling 
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the voltage and the current at no less than twice the switching frequency. Depending on whether the existing sensors 
and signal-conditioning circuits support this sampling rate, the method falls into row C or row D of Figure 3. 

 

Figure 6. Example 3: parameter estimation of a buck converter with physics-informed machine learning. Reprinted 
from ref. [57] (open access). (a) Buck converter with input voltage Vin, switch S with on-state resistance Rdson, diode 
forward voltage VF, inductor L with resistance RL and current iL, capacitor C with ESR RC, load R, and output 
voltage vo. (b) Observable states at the sampling instants tn and intermediate latent states within the switching period 
T, with the on-time Δt (S = 1). (c) Network with a data-driven part (hidden layers #1 to #N and a latent state layer) 
and a physical-model part (forward and backward equations of the converter). 

3.4.4. Example 4: Converter-Level On-State Voltage Measurement 

The on-state voltage is one of the most widely used health indicators of power semiconductors, but its 
degradation-related changes amount to tens of millivolts and have to be extracted from a switching voltage of 
hundreds of volts. One measurement unit connected to the phase-leg midpoints can measure the on-state voltages of 
all devices of an inverter, as first demonstrated for a single-phase inverter [81]. A self-power scheme removed the 
external supply [82]. Zener-clamped depletion MOSFETs then reduced the component count and the number of 
input–output terminals (Figure 7). The demonstrated error is below 0.08 % of full scale, i.e., at most 4 mV, over a ±5 
V input range [68]. Added hardware can thus be kept small at the converter level and can serve a second purpose, 
such as short-circuit protection [70]. The measured on-state voltage still depends on the heat-sink temperature [68], 
which has to be separated from the degradation. For example, a 5 % increase as the threshold at an on-state voltage 
of 2 V corresponds to 100 mV. The temperature coefficient of the on-state voltage depends strongly on the load 
current and changes sign between low and high currents [13]. With a temperature coefficient of about 2.5 mV/K, 
derived from an increase of about 50 mV for a 20 K rise of the heat-sink temperature [82], a junction-temperature 
uncertainty of 5 K contributes about 12 mV. Even a fluctuation of the peak current by about ±1 % changes the 
extracted value by about 10 mV [68]. This cross-sensitivity, not the circuit error, limits the detection. 

The four examples cover the right-hand part of Figure 3. Example 1 (row B) uses an external unit in the 
power-off state and a digital twin fitted by the bat algorithm, i.e., hybrid processing (cell B3). Example 2 (row C) 
uses existing sensors in a special operation mode and a model-based converter-level indicator (cell C1). Example 
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3 uses hybrid processing and requires sampling at no less than twice the switching frequency, which places it in 
cell D3, or in cell C3 if the existing sampling circuit already supports this sampling rate. Example 4 (row E) adds 
a measurement unit for a model-based indicator (cell E1). From Example 1 to Example 4, the hardware effort and the 
exposure to the operating conditions increase, while the warning window remains the long-horizon band of Figure 1 
in all four cases. 

 

Figure 7. Example 4: converter-level on-state voltage measurement for a three-phase inverter [68]. Inverter with 
DC voltage VDC, DC-link capacitor CDC, IGBTs T1–T6, diodes D1–D6, and inductive–resistive load (L, Rload). The 
measurement unit, connected to the phase-leg midpoints a, b, c, contains depletion MOSFETs M1–M4, resistors R1–
R8, and two bridges of diodes (D1–D4 of the measurement unit) and Zener diodes (Z1–Z4). Crossing wires without 
a dot are not connected. The outputs vout1 and vout2, referred to vgnd at phase b, contain the on-state voltages of all 
devices, and the DC-link voltage is clamped at the Zener level. Adapted with permission from ref. [68]. Copyright 
2021, IEEE. 

4. End-of-Life Criteria 

EOL determines when a monitoring result should trigger an action, yet it is rarely defined explicitly. This 
section proposes three EOL criteria on the normalized change of a health indicator and states how the RUL should 
be reported with its confidence. 

Because RUL is the time from the present to the EOL, its value depends on how the EOL is defined. Most 
CM studies adopt a fixed drift threshold without justifying it, and few state the uncertainty of their prediction. 
Figure 8 proposes a definition based on the normalized change of a health indicator y, 𝛿 = ቚ௱௬௬బቚ = |௬ି௬బ||௬బ| .  (1)

where y0 is the initial value of the unit. The definition applies to indicators that increase with aging, such as the 
on-state voltage or the ESR, and to indicators that decrease, such as the capacitance. All criteria are applied to the 
trend of δ estimated from the scattered measurements. The absolute value is used because each indicator degrades 
in a known direction. A change against that direction, such as a temporary ESR decrease, is treated as an anomaly 
rather than as progress toward EOL. 

Criterion 1 (absolute) is met when δ ≥ δmax, where δmax is the lower boundary of the tolerance band of δsys, 
the change at which the system can no longer fulfill its required function. The system limit follows from the 
application, for example from the ripple voltage that a reduced DC-link capacitance still allows. It forms a band 
because it varies across a production population, and its lower boundary is taken at a stated confidence level. The 
component failure limit δcom, at which the component itself fails, lies above the system limit. A system should be 
designed so that δmax exceeds the relative threshold of Criterion 2. For a monotonic δ(t), Criteria 2 and 3 then 
trigger before Criterion 1. 

Criterion 2 (relative) is met when δ ≥ x%. Typical thresholds are a 20 % decrease of the capacitance or a 
doubling of the ESR for electrolytic capacitors [9] and a 5 % decrease of the capacitance for film capacitors in 
traction DC links [43]. For power modules in power cycling, the threshold is a 5 % increase of the on-state voltage 
or a 20 % increase of the thermal resistance [83]. A relative threshold is insensitive to the unit-to-unit variation of 
y0, which is why methods intended for field use normalize each unit to its own healthy baseline [42,44]. The value 
of x has to leave a margin of time-to-failure before Criterion 1 is reached. 

Criterion 3 (gradient) is met when dδ/dt ≥ k sII, where sII is the slope of δ in stage II and k > 1 is a multiplication 
factor [84]. Trend-based alarms are established in machinery condition monitoring [19]. The gradient criterion 
adds the normalization by sII and the deduction of the filter delay (τf in Figure 8). The criterion detects the onset 



Wang   Power Electron. Res. Appl. Trans. 2026 

https://doi.org/10.53941/perat.2026.100015  11 of 20 

of the accelerated stage independently of the absolute sensitivity of the indicator, which matters for converter-level 
indicators that respond differently to different components. It is introduced with a case study on IGBT modules in 
power cycling tests [84]. The discharge-time method of Section 3.4 proposes it for a converter-level indicator, with k 
as a multiple of the stage-II rate of change. Depending on k, Criterion 3 is reached before or after Criterion 2 (k1 and 
k2 in Figure 8), so the EOL is set by whichever of Criteria 2 and 3 is reached first. Because differentiation amplifies 
noise, Criterion 3 must be evaluated on a filtered trend, for example on medians of successive periods [42], on a 
moving-horizon average, or with a Kalman filter that carries the degradation rate as a state. Different values of k 
imply different margins of time-to-failure. Based on the case study in [84], a value between 3 and 6 is 
recommended. The gradient-based criterion reduced the inconsistency of the cycle-to-failure among samples from 
up to 30 % under the 5 % on-state voltage criterion to within 4 %. 

 

Figure 8. EOL criteria and RUL estimation (illustrative). Measured health-indicator data scatter within an 
envelope. The degradation proceeds through a stable (I), a near-linear (II), and an accelerated stage (III). From the 
present estimate at tk, the predicted trend and its 90 % band give the distributions of the time to EOL and to system 
functional failure, both evaluated at a 90 % confidence level. The tolerance bands of the system limit δsys and of the 
component failure limit δcom represent unit-to-unit variation. The time distributions are drawn as right-skewed 
Weibull densities, as is typical of first-passage times of uncertain trajectories. The horizontal lines of Criterion 3 
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mark the level of δ at which the slope of the median trend reaches k1 sII or k2 sII. The criterion itself is evaluated on 
the gradient. 

The predicted trend is uncertain from the present time tk onward, because the present state is itself an estimate. 
The time to EOL is therefore a distribution. Stating the EOL at a 90 % confidence level, i.e., at the 10 % quantile 
of the predictive distribution of the time to EOL (denoted RUL10), gives the RUL a defined meaning. The margin 
of time-to-failure then extends from this EOL to Criterion 1 at the same confidence level. Prognostic metrics 
evaluate how early a predicted RUL distribution comes within an allowable error of the true EOL and whether it 
stays within a narrowing error bound as the EOL approaches [85]. Few CM studies report them. Exceptions give 
the uncertainty of each prediction [54] or update a lifetime model with in-situ data [86]. 

5. Limitations in Existing Performance Verifications 

A monitoring method can be trusted only as far as its performance has been verified. This section formulates 
the relation between health indicators and degradation, shows why the prevailing verifications establish sensitivity 
but not the inverse relation that monitoring requires, and states what a sufficient verification would contain. 

5.1. Forward and Inverse Relations 

A health indicator depends on the operating conditions and on the state of other components as well as on 
the degradation of interest. The i-th of m measured health indicators can be written as 

𝑦௜ = 𝑓ଵ ⎝⎜
⎜⎛ 𝑥ଵ, 𝑥ଶ, … , 𝑥௣ᇣᇧᇧᇧᇤᇧᇧᇧᇥ

operating and
environmental conditions

,  ℎଵ,ℎଶ, … ,ℎ௤ᇣᇧᇧᇧᇤᇧᇧᇧᇥ
health states of other components

(including sensors) or other
degradation mechanisms

, Degଵ, Degଶ, … , Deg௡ᇣᇧᇧᇧᇧᇧᇤᇧᇧᇧᇧᇧᇥ
degradation states

of interest ⎠⎟
⎟⎞ , 𝑖 = 1,2, … ,𝑚 (2)

where f1 is the physical mapping from the conditions and states to the i-th health indicator, x = (x1, …, xp)∈𝒳 
collects the operating and environmental conditions over the field operating domain 𝒳, such as the load current, 
the DC-link voltage, and the ambient and coolant temperatures. The vector h = (h1, …, hq)∈ℋ , where ℋ is the set 
of possible health states, collects the health states of the other components, including the sensors, and of other 
degradation mechanisms, and h0 denotes that all of them are healthy. The quantities Deg1, …, Degn are the n 
degradation states of interest. A sensor drift thus enters (2) through h and can mimic degradation. The two vectors 
are also coupled. A degraded thermal interface or heat sink belongs to h, but it raises the junction temperature, 
which most methods treat as an operating condition in x. A drifting current sensor likewise changes the estimated 
load. Compensating x with measured temperatures or currents can thus absorb part of a degradation that should 
have been detected. Condition monitoring requires the inverse relation 

Deg෢ ௜ = 𝑓ଶ ⎝⎜
⎛ 𝑥ଵ, 𝑥ଶ, … , 𝑥௣ᇣᇧᇧᇧᇤᇧᇧᇧᇥ

measured, estimated, or
unknown, to be decoupled

,  ℎଵ,ℎଶ, … ,ℎ௤ᇣᇧᇧᇧᇤᇧᇧᇧᇥ
usually unknown, to be
decoupled if necessary

,  𝑦ଵ,𝑦ଶ, … ,𝑦௠ᇣᇧᇧᇧᇤᇧᇧᇧᇥ
measured or estimated

health indicators ⎠⎟
⎞ , 𝑖 = 1,2, … ,𝑛 (3)

where f2 is the model-based, data-driven, or hybrid estimator that infers the degradation states from the health 
indicators, and the hat denotes an estimate of the true state Degi. Whether h has to be decoupled depends on the 
objective of the monitoring. Decoupling is required when the objective is to separate degradation mechanisms or 
to locate the degraded component. A converter-level objective may not require it. 

5.2. Sensitivity Is Necessary but Not Sufficient 

Most verifications demonstrate that a health indicator changes with degradation. This establishes only the 
sensitivity of (2). Sensitivity is necessary, but it is not sufficient for the inverse relation (3). To first order, the 
change caused by the degradation during the monitoring interval must exceed the combined change caused by x, 
h, and the other degradation states, unless these are measured and compensated. The examples of Section 3.4 
illustrate each case. Two capacitances are separated by injecting at two frequencies at which the impedance of the 
DC link responds differently to them [43]. The discharge time depends on two degradation states and on the rotor 
angle and the coolant temperature [42]. In Example 3, the component parameters are estimated jointly as unknowns 
of the converter model [57]. The on-state voltage depends on the temperature and the load current as well as on the 
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degradation [68]. In each case, the decoupling is part of the method, so a verification has to vary the quantities to 
be decoupled. 

5.3. Narrow Verification 

Existing studies usually verify (3) on a small subset 𝒳v⊂𝒳, typically a few load points at one or a few 
temperatures. They include few dynamic transitions, such as load steps or thermal transients, and almost always 
assume h = h0 (Figure 9). The performance outside 𝒳v × h0 remains unknown. The few studies with field data 
show why this matters. A discharge-based capacitor method is evaluated with data from 153 power converters at 
the European Organization for Nuclear Research (CERN) [48]. A post-fault analysis of a medium-voltage 
converter found a relevant parameter shift in IGBTs that had apparently survived the fault, which basic tests may 
not reveal [5]. The static and dynamic characteristics of IGBT modules aged in locomotive service did not reveal 
their health state, which only power cycling tests separated [6]. Laboratory power cycling tests under non-constant stress, 
which is common in practical applications, show that degradation can proceed in jumps rather than smoothly [87]. Field 
data from wind turbines further show that humidity and contamination, design and quality issues, and human errors 
play an important part in converter failure. Thermal-cycling fatigue of bond contacts and die-attach solder is found 
not to be a relevant contributor in that application [3]. 

 

Figure 9. Limitations of existing verifications along the operating time (illustrative). At t = 0, with h = h0, 
verification typically covers only part of the field operating domain 𝒳, spanned here by two example conditions, 
and a few dynamic transitions. Later, the health states of other components and degradation mechanisms change, 
and the domain narrows with aging and derating. Verification with h ≠ h0 is rarely reported. 

For data-driven and hybrid methods, the limitation grows with the operating time. A trained f2 does not wear 
out, but its accuracy degrades under covariate shift, when x leaves the training region, and under concept drift, 
when the underlying physical mapping f1 shifts continuously as h evolves. Both call for continuous detection. Two 
further causes are step changes rather than drifts: a firmware or control update changes f1 at a known instant and 
calls for revalidation, and unit-to-unit variation makes f1 differ across a fleet. Normalizing each unit to its initial 
value (Section 4) removes only the static part of this variation, not the difference in the degradation trajectory, 
which requires per-unit calibration or adaptive learning. Uncertainty quantification with the detection of out-of-
distribution inputs, periodic recalibration in special operation modes, self-commissioning learning [63], and 
physics-informed constraints [57] can mitigate this degradation. 

5.4. Toward Sufficient Verification 

A sufficient verification would state the covered part of 𝒳 and the dynamic operations tested. It would vary 
the health states of the other components and sensors that the method claims to decouple, and it would use more 
than one unit. It would report the error of Deg෢ ௜ with its uncertainty and the false-alarm and missed-detection rates 
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at the criteria of Section 4. Where possible, it would compare with field data. Decision metrics at a defined EOL 
criterion are rarely reported. Data-driven studies report classification accuracy, confusion matrices, or the area 
under the receiver operating characteristic [59,63], but few report false-alarm or missed-detection rates at such a 
criterion, or detection lead times. One example is a wire-bond pre-warning issued 15 % to 20 % of the lifetime 
before the EOL criterion without false positives [88]. Special operation modes reduce the verification effort by 
fixing part of x by design, but the remaining conditions still have to be compensated. 

6. Operation Optimization: Measures and Limitations 

Active thermal control (ATC) [89,90] and its lifetime-oriented variants [91,92] have been reviewed in [93]. 
The measures of ATC have been mapped onto time scales from the gate driver to the system [94]. Figure 10 
extends this map with the side effects of each measure and with non-thermal measures. 

 

Figure 10. Measures of reliability-oriented operation on the time axis of Figure 1 (non-exhaustive, for illustration). 
Gray bars show the indicative effective time constant τA of each measure, and the right column names the side 
effect that should be quantified. The layout extends the time-scale map of [94], which assigns time steps of about 
1 µs, 100 µs, 1 ms, and 10 ms to the gate driver, the modulator, the converter controller, and the system controller. 
The time constants are indicative. References give representative studies, e.g., of gate driving [95] and 
discontinuous pulse-width modulation (DPWM) [96]. Studies cited in the figure: refs. [4,89–92,94–101]. 

A measure is effective only if its time constant is shorter than the period of the stress it targets (Figure 10) and 
if the cost of the losses it adds is smaller than the cost of the damage it avoids. The cost–benefit analysis in [94] shows 
that active thermal control is most cost-effective for large thermal swings in short periods, whereas compensating 
long-period cycles requires high additional losses. Slow stress therefore calls for slow measures, such as derating, 
power routing [97], redundancy [98], and maintenance scheduling [99]. The time scale of the degradation in Figure 
1 should not be confused with the execution rate of the monitoring algorithm. A slowly evolving health state can 
be estimated at a high rate and passed to a fast measure, provided that the time constant of the measure matches 
the period of the stress it targets. 

Most measures transfer thermal or electrical stress to other components. Switching-frequency control reduces 
a temperature swing at the cost of additional losses, a higher current ripple, and a higher stress on the passive 
components [94]. Reactive-current injection changes the distribution of the losses among the devices and increases 
the converter current [100]. A lower DC-link voltage reduces the cosmic-ray failure rate, which depends quasi-
exponentially on the voltage, but, at the same power, increases the current [101]. Few evaluations report both the 
benefit and the penalty. In one of them, switching-frequency control reduced the accumulated damage to 72 % of 
the uncontrolled value at the cost of a 9.7 % increase in energy loss, but the effect on the passive components is 
not quantified [94]. Return-on-investment indicators have also been used to weigh the lifetime gain against the 
efficiency or power-quality penalty [93]. Each measure would need to report the side effects listed in the right 
column of Figure 10. 
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Operation and monitoring interact. A controller that flattens the temperature swing removes the excitation 
needed for thermal-impedance-based detection, and a controller that changes the operating point changes x in (2). 
Health indicators should therefore be acquired in windows before an action, such as the special operation modes 
of Figure 2. Health-aware modulation and power routing, which redistribute the loading of smart-transformer 
modules, parallel converters, or dual-active-bridge switches according to the estimated degradation, have been 
demonstrated in simulations and laboratory prototypes [102–104]. They are the most direct link between the 
classification of Section 3 and operation optimization, because the health indicator of a row C or row D method 
becomes an input of the modulator. No field validation has been reported in these studies, however, and none of 
these controllers propagates the uncertainty of the health estimate into the control law. 

The measures are not aligned with the dominant field failure causes either. Most measures in Figure 10 target 
thermal cycling, whereas field data from wind turbines point to humidity as a critical stressor and likely driver of 
converter failure [3,4]. In that application, measures against humidity and condensation, such as cabinet heating, 
address the main stressor, although failures at restart occurred even in turbines with converter preheating routines [3]. 
Falck et al. noted in 2018 that commercial use of ATC had not been reported [1], and evidence on its life-cycle 
cost remains scarce [93,105]. 

7. Conclusions and Research Directions 

Health indicators and monitoring methods for power electronics are documented extensively, but industrial 
deployment remains limited. This paper has related the gap to five causes and proposed a perspective for each. 
The feasible monitoring function is set by the time available to detect and to act. Deployability depends largely on 
the hardware implementation, which should be assessed separately from the processing method. EOL criteria are 
rarely justified or stated with a confidence level. Most verifications demonstrate the sensitivity of a health 
indicator, whereas monitoring requires the inverse relation to hold over the field operating domain. Operation 
optimization approaches are usually assessed by their benefit for one component, and the stress they shift to others 
is seldom quantified. The perspectives suggest the following research directions: 
(1) Develop CM methods that give pre-warning of short-time-scale failures, from seconds to days, such as an 

imminent short circuit of an aluminum electrolytic capacitor after overvoltage or ripple overload (Figure 1). 
Such failures are often unrelated to long-term wear-out, but they have severe consequences if no action is 
taken before the catastrophic event. The limited time window makes them challenging. 

(2) Develop CM methods without hardware change and with online learning. Such methods promise a close-to-
zero initial adoption cost, scalability, and continuous monitoring, and they need neither hardware 
modification nor offline training data. When a new product enters field operation, an algorithm learns the 
healthy baselines of the components or the converter during the first period of operation. Over the service 
life, the baselines are kept or updated, and abnormalities or severe degradation are detected from the changes 
of the health indicators relative to the baselines. As field data accumulate from many converters, offline 
training becomes feasible and can refine the online models of each converter. This line of methods lowers 
the barrier to implementation. 

(3) Explore application-specific CM methods that use special operation modes and programmed self-checks, with 
much lower requirements on implementation and on the processing of health indicators. 

(4) Propose more comprehensive and relevant EOL criteria. An EOL criterion is more than a fixed percentage 
change of one health indicator, as widely used in academic publications and industry reports. Figure 8 outlines 
a broader perspective. In practice, a more elaborate decision procedure may be needed to improve the 
monitoring accuracy and to reduce false alarms, which remains to be investigated and demonstrated. A 
framework for refining the EOL criteria and the decision procedure, in laboratory testing and over the service 
life in the field, is also needed. 

(5) Develop better frameworks and procedures to demonstrate and verify the performance of diagnosis and 
prognosis methods. Both fault diagnosis and CM methods in the literature face the limitations discussed in 
Section 5. Without sufficient verification, the performance of most, if not all, reported methods remains 
unconfirmed. Although new health indicators and their measurement or estimation methods keep appearing, 
this long-standing gap has not been addressed. A better verification framework is essential for fair benchmarking 
and for industrial deployment. 

(6) Explore further opportunities in operation optimization and investigate their system-level (application-level) 
impact and the competing solutions. 
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