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A B S T R A C T

The lifetime of SiC MOSFETs in hybrid Si/SiC active neutral-point-clamped (H-ANPC) inverters is constrained by 
concurrent degradation mechanisms driven by electrical and thermal stress. This paper proposes a real-time 
monitoring and supervisory online reliability-centric control (RCC) framework that extends device lifetime 
under realistic inverter operating conditions. Device lifetime models derived from inverter-like accelerated 
testing (IAT) and time-dependent dielectric breakdown (TDDB) characterization are used to capture electro
thermal and gate-oxide degradation. An online estimation scheme tracks device health and supports remaining 
useful life (RUL) prediction during operation. The mechanism-specific RUL estimates are used by a supervisory 
controller to coordinate the switching frequency, gate-source voltage, and cooling effort while satisfying device, 
thermal, and current-ripple constraints. The framework is implemented on a digital control platform and vali
dated under four accelerated test profiles. Compared with fixed-setpoint operation, RCC extends the time 
measured to failure by 15.7% on average, with lifetime-consumption tracking error below 1%. These results 
demonstrate that mechanism-specific RUL information can be converted into coordinated inverter-control ac
tions that extend SiC MOSFET lifetime while preserving the required inverter performance.

1. Introduction

Reliability of power electronics is critical in applications such as 
photovoltaic systems, aerospace, electric vehicle drivetrains, and data 
centers, which require high availability and long service life under 
variable mission profiles [1]. Hybrid Si/SiC active neutral point clamped 
(H-ANPC) inverters have gained significant adoption in these applica
tions due to their enhanced efficiency, improved thermal management, 
and superior fault tolerance compared to conventional two-level topol
ogies [2]. The H-ANPC configuration strategically employs SiC MOS
FETs for high-frequency switching operations to exploit their fast- 
switching capabilities and low switching losses, while utilizing Si 
IGBTs for low-frequency commutation, creating an optimized hybrid 
approach. However, the reliability of power SiC MOSFETs is a critical 
determinant of converter lifetime, making device-level reliability anal
ysis essential for assessing power converter failures [3].

SiC MOSFETs are subjected to multiple concurrent degradation 
mechanisms including bond wire fatigue from thermal cycling, gate 
oxide degradation under high electric field stress, time-dependent 
dielectric breakdown (TDDB) of gate dielectrics, and avalanche- 
induced damage during abnormal operation [4,5]. Among these, ther
mal cycling and gate oxide degradation are considered the dominant 

failure mechanisms under typical inverter operating conditions [6]. 
Gate-oxide reliability poses distinct challenges in SiC MOSFETs due to 
elevated interface trap densities at the SiO₂/SiC interface and a smaller 
conduction band offset than in Si, increasing susceptibility to TDDB and 
bias-temperature-instability phenomena [7]. Consequently, lifetime 
prediction must jointly account for electrothermal cycling and dielectric 
field stress to remain credible across realistic operating envelopes.

Lifetime assessment traditionally relies on accelerated stress testing. 
Power cycling tests (PCT) excite junction-temperature swings and map 
life using Coffin–Manson-type relationships that parameterize sensi
tivity to ΔTj and cycle count [7,8]. More recently, inverter-like accel
erated testing (IAT) has been introduced to better replicate the 
combined electrothermal stresses experienced during realistic inverter 
operation, providing more realistic lifetime predictions over conven
tional PCT-based models [9]. Complementarily, TDDB experiments 
impose constant gate bias and temperature to extract field–time accel
eration models for oxide wear-out [10].

For in-situ degradation tracking, the on-state resistance (Rds− on) 
serves as a key degradation indicator in SiC MOSFETs, reflecting cu
mulative effects from gate-oxide deterioration, bond wire fatigue, and 
solder layer degradation [11–14]. Traditional Rds− on monitoring ap
proaches rely on dedicated sensing hardware [15,16] such as Miller- 
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plateau voltage measurements [17] or extended Kalman filtering (EKF) 
for parameter estimation [18]. However, these techniques often incur 
additional hardware overhead, complex calibration procedures, and 
increased system cost. Alternatively, particle swarm optimization (PSO) 
has emerged as an effective estimation method for extracting device 
parameters [19], enabling accurate real-time parameter tracking 
without requiring dedicated sensing circuits [20]. Recent studies 
combine PSO with adaptive Kalman filters and EKF-guided LSTM 
models for nonlinear and temperature-dependent state estimation 
[21–23]. These studies motivate the use of intelligent estimation con
cepts for device-degradation tracking in power electronic systems.

The complex interplay of multiple degradation mechanisms, com
bined with challenges in degradation detection, creates reliability bot
tlenecks that demand proactive lifetime management approaches. 
Enhancing power device reliability in H-ANPC inverters requires control 
strategies that actively mitigate degradation under realistic operating 
conditions. Prior research has explored fixed junction temperature 
controllers employing active cooling to limit device thermal stress [24], 
and dynamic modulation schemes such as discontinuous PWM and 
redundant switching state selection to redistribute losses [25]. Adaptive 
techniques including gate voltage and resistance control [26–28] have 
gained traction as effective measures to reduce electrothermal stress, 
though these methods can improve temperature stability at the expense 
of switching performance.

Other studies have investigated dynamic switching frequency ad
justments to protect power devices from excessive thermal cycling 
[29,30]. While these approaches demonstrate reductions in thermal 
cycling amplitude (ΔTj) of approximately 30%, they often result in 
increased average junction temperature (Tj,mean). Furthermore, 
frequency-reduction strategies are constrained by permissible ranges 
and power-quality requirements such as total harmonic distortion (THD) 
limits [31–33]. Active thermal management methods, including opti
mized heatsinking and cooling systems, enhance thermal dissipation but 
increase auxiliary power demands, accelerate fan wear at high duty 
cycles, and add weight and cost to the converter [34]. These approaches 
often target individual stress metrics in isolation without addressing 
trade-offs among concurrent failure mechanisms or adapting control 
priorities as components age during operation.

Instantaneous stress variables are insufficient for inverter reliability 
control. They describe the present operating condition but do not cap
ture damage already accumulated by the device. Remaining useful life 
(RUL)-aware control has been studied in broader controlled systems 
through health-aware MPC and supervisory control structures that 
adjust manipulable variables to regulate degradation rate or expected 
RUL [35,36]. However, direct use in power inverters is challenging 
because the controller must satisfy fast electrical-control requirements, 
current-quality limits, device safe-operating limits, and variable 
mission-profile stresses. In power electronics, mission-profile based life 
consumption estimation and reliability-oriented PV-inverter control 
have demonstrated the value of accumulated damage information 
[27,37,38]. However, these methods mainly support reliability assess
ment, derating, or operating-strategy selection rather than closed-loop, 
mechanism-specific inverter control.

Recent work has also considered predictive temperature-profile 
optimization, reliability assessment with degradation models, lifetime- 
based power routing, and reliability-optimal MPC [32,33,39,40]. 
These methods provide useful reliability guidance, but they focus on a 
single dominant wear-out mechanism, rely on offline or application- 
specific strategies, or modify external power/current trajectories 
rather than coordinating internal inverter setpoints. The proposed RCC 
addresses this reliability control gap by experimentally closing the loop 
between device-level, mechanism-specific RUL estimates and inverter 
operating variables, while leaving the fast inverter-control loop 
unchanged.

The contribution of this paper is a closed-loop RCC framework that 
converts device-degradation information into actionable power- 

electronic control decisions. Device-specific IAT and TDDB models are 
used to represent electrothermal and gate-oxide degradation, and the 
corresponding health information is translated into mechanism-specific 
RUL estimates. These estimates guide a constrained supervisory 
controller that coordinates converter operating variables to shape device 
lifetime while enforcing device, thermal, and performance limits. The 
framework is experimentally validated through SiC MOSFET lifetime 
control in an H-ANPC inverter, with current ripple included as a THD- 
related performance indicator to ensure that reliability improvement 
does not compromise electrical quality.

The RCC uses two optimization routines since the estimation and 
supervisory-control problems have different mathematical structures. 
The online parameter-estimation stage is a bounded nonlinear fit be
tween measured inverter waveforms and the device model. PSO is used 
because it is derivative-free, simple to implement, and suitable for low- 
dimensional electrical parameter-estimation problems [41,42]. The su
pervisory stage coordinates the control variables under nonlinear life
time models, bounded operating regions, and competing reliability and 
performance objectives and therefore, a GA is used for the resulting 
constrained multi-objective optimization problem [43]. Together, these 
elements form a real-time monitoring and supervisory online reliability 
optimization framework, experimentally validated through accelerated 
aging tests that demonstrate lifetime extension relative to fixed-setpoint 
operation. Section 2 details the RCC framework architecture, Section 3
presents the lifetime modeling methodology and extracted model pa
rameters, and Section 4 demonstrates comprehensive experimental 
validation of all RCC aspects under accelerated aging conditions.

2. Reliability-centric control framework

This section presents the methodology for enhancing SiC MOSFET 
reliability in H-ANPC inverters through integrated real-time health 
assessment and adaptive control actions. The closed-loop architecture, 
illustrated in Fig. 1, demonstrates how the proposed RCC strategy 
continuously optimizes control parameters to achieve desired device 
lifetime targets (represented as RUL*) while maintaining essential 
inverter performance. The framework combines device characterization 
with parameter estimation to derive critical stress metrics, which are 
then processed through device lifetime models to predict their RUL. This 
implementation features a device lifetime optimization algorithm that 
dynamically adapts control actions based on real-time degradation 
assessment, performance data and converter constraints. The approach 

Fig. 1. Reliability-centric control framework for SiC MOSFETs in H-ANPC in
verters, integrating real-time degradation estimation, lifetime modeling, and 
adaptive optimization of control parameters.
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enables proactive reliability management rather than reactive fault 
response, achieving seamless adaptive converter operation through 
continuous feedback between lifetime prediction, performance metrics 
and control parameter adjustment.

2.1. Device parameter estimation for H-ANPC inverters

The framework shown in Fig. 1 initiates with continuous data 
acquisition from the H-ANPC inverter, where measurements of inductor 
currents, output voltages, case temperature, and modulation commands 
are sampled and preprocessed for subsequent analysis. This measure
ment data serves as the foundation for real-time parameter estimation, 
where PSO algorithm continuously updates a digital behavioral model of 
the inverter to track changes in critical device parameters, particularly 
the Rds− on [44].

The H-ANPC inverter is mathematically modeled in state-space form 
to represent its operation during different switching states, and can be 
expressed as: 
[ ˙〈iL〉Ts

˙〈vC〉Ts

]

= A
[
〈iL〉Ts
〈vC〉Ts

]

+B
[

Vin〈
vdrop

〉

Ts

]

(1) 

Here the states of the H-ANPC inverter model include the inductor 
current 〈iL〉Ts 

averaged over switching period Ts, and average output 
capacitor voltage〈vC〉Ts

. The model inputs are the DC input voltage Vin of 
the inverter and the on-state voltage drop across IGBTs and diodes in the 
H-ANPC inverter circuit shown in Fig. 2. The matrices A and B in
corporates key inverter parameters, including Rds− on, which serves as the 
primary parameter of interest for degradation tracking.

The PSO algorithm systematically adjusts H-ANPC digital model 
parameters to minimize the error between predicted and measured re
sponses, effectively obtaining the device characteristics from observable 
inverter behavior. The objective function for PSO is formulated as: 

fobj =
1
N

∑N

i=1

((
〈iL,i〉Ts − iL,iMeas

)2
+
(

〈vC,i〉Ts − vC,iMeas

)2
)

(2) 

where the estimated average values of inductor current 〈iL,i〉Ts and 
capacitor voltage 〈vC,i〉Ts are calculated using Eq. (1) and compared with 
measured data from the physical inverter, iL,iMeas and vC,iMeas. The sample 
size N corresponds to the number of data points per half line cycle 
(sampling frequency divided by fundamental frequency). A swarm of 
candidate parameter vectors is initialized, with each iteration involving 
device model simulation and fitness evaluation through Eq. (2). Each 

particle updates its velocity toward its personal best parameters and the 
swarm global best, iteratively refining its position until convergence or 
reaching the iteration limit, ultimately yielding accurate Rds− on esti
mates for degradation tracking.

The extracted Rds− onvalues, combined with device current Id, pack
age case temperature Tcase and switching states, enable precise power 
loss calculations that feed thermal network models to ΔTj and device 
minimum junction temperature Tj− min. These electrothermal stress 
metrics, along with gate voltage conditions, are processed by SiC 
MOSFET lifetime models that quantitatively relate operating stress to 
degradation accumulation. The models generate per-mechanism RUL 
predictions that are fused into a comprehensive health assessment ac
counting for multiple concurrent degradation pathways.

The proposed RCC framework achieves its effectiveness through 
tight integration of degradation assessment and control adaptation 
within a unified feedback loop. This integration enables immediate 
response to evolving device health conditions, allowing proactive 
parameter adjustment before significant degradation occurs. The 
continuous nature of this process ensures control actions remain aligned 
with current device status, maximizing reliability enhancement 
throughout the inverter operational lifetime while maintaining required 
performance metrics.

2.2. Control optimization and adaptation of the RCC framework for IAT- 
based testing

The RCC uses multi-objective optimization to dynamically balance 
switching frequency (fSW), gate drive voltage (VGS), and cooling fan 
speed (SFan) to achieve desired reliability targets while preserving 
essential converter functionality, as illustrated in Fig. 3. The genetic 
algorithm (GA) serves as the optimization engine, systematically 
exploring trade-offs between competing reliability and performance 
objectives through evolutionary search techniques that effectively 
handle the non-convex, multi-modal landscape characteristic of power 
converter control problems [45].

Fig. 2. Circuit topology of the H-ANPC inverter.

Fig. 3. Optimization routine for control parameter estimation.
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The multi-objective optimization problem is formulated as:  

where RULET and RULDB represent remaining useful life predictions from 

electrothermal (ET) stress and gate dielectric breakdown (DB) degra
dation models, respectively, with corresponding desired targets RUL*

ET 
and RUL*

DB. The inductor ripple currents Iripple and I*
ripple are normalized 

with respect to load current (Iload) to ensure algorithm consistency. The 
GA explores the parameter space defined by fSW ∈ kHz, VGS ∈ V, and 
SFan ∈ % through population-based evolutionary operators. Addition
ally, adaptive weighting (ωET, ωDB, ωr) emphasizes reliability parame
ters as devices approach end-of-life while proportionally reducing 
performance parameter influence based on the error between calculated 
and expected RUL values.

As shown in Fig. 3, the optimization routine is specifically adapted 
for comprehensive validation under controlled laboratory conditions. 
Specifically, the control routine is deployed on the IAT platform, where 
the H-ANPC inverter devices undergo elevated thermal cycling and 
electrical stress profiles. Initial characterization involves pre-computing 
lookup tables (LUTs) where neural network (NN) models encode re
lationships between control variables (θ = fSW,VGS, SFan

)
and critical 

stress metrics including ΔTj, Tj,mean for both SiC MOSFETs and the Iripple. 
The NN employs a feedforward architecture with multiple fully con
nected layers utilizing ReLU activation functions, enabling rapid 
convergence and efficient gradient computation for real-time learning 
[46]. This architecture functions as an intelligent lookup table that can 
interpolate between known data points and continuously adapt to new 
thermal and electrical stress measurements through incremental 
training. The network's capacity for real-time retraining allows dynamic 
updating of stress-RUL relationships as new degradation data becomes 
available during operation. Target RUL values are established with 
conservative margins applied to cycles-to-failure projections from 
thermal cycling and TDDB characterization, with priority weighting 
based on the expected dominant degradation mechanism.

Real-time stress of the SiC MOSFET including ΔTj, Tj− min, and ID, 
along with applied VGS computed on the inverter controller are 
communicated to a remote PC at periodic intervals (ttest) via serial 
communication. The framework achieves computational efficiency by 
leveraging pre-characterized LUTs that encode complex electrothermal 
relationships, enabling the GA to converge within practical real-time 
constraints while maintaining optimization accuracy. Damage accu
mulation, also referred to as lifetime consumption (LC), over each ttest 
interval is computed on the remote PC to update RUL estimations, and 
the LUT parameters are refined using the most recent degradation- 
influenced measurements to maintain model fidelity throughout the 
testing duration. Damage accumulation over each interval, defined as 
the kth test sample, is computed to update RUL estimations as follows: 

RULET calc(k) = RULET calc(k − 1) −
nk

Nf calc
(4a)  

RULDB calc(k) = RULDB calc(k − 1) −
tk

tDB calc
(4b) 

Here, nk is the number of ΔTj cycles during ttest, and Nf calc is calcu
lated following Eq. (3) for the corresponding stress values. Similarly, tk is 
the dielectric breakdown stress duration, and tDB calc the time to failure 

from (4). The stress is assumed to be constant over the kth test, but in 
case a transient is detected, Ttest is updated to a shorter duration. The 
RUL at time step k is calculated subtracting the damage accumulated 

over ttest from the previously calculated RUL as follows: 

RULET est(k) = RULET calc(k − 1) −
nk

Nf (θ)
(5a)  

RULDB est(k) = RULDB calc(k − 1) −
tk

tDB(θ)
(5b) 

where RULET est and RULDB est for the next ttest is estimated as a function 
the control variables θ.

The adaptive weights are updated using the calculated RUL and its 
deviation from the expected RUL trajectory. For i ∈ {ET,DB}, the 
normalized tracking errors and priority factors are defined as ei(k) =
⃒
⃒RULi calc(k) − RULi est(k)

⃒
⃒,qi(k) = ωi,0exp

[
αi
(
1 − RULicalc (k)

)
+ γiei(k)

]
, 

while qr(k) = ωr,0. The normalized objective weights are: 

ωj(k) =
qj(k)

qET(k) + qDB(k) + qr(k)
, j ∈ {ET,DB} (6) 

Here, ωi,0 denotes the equal initial values beginning-of-life weight. 
The coefficient αi determines the response to decreasing RUL, whereas γi 
determines the response to RUL tracking error. The values of αi and γi 
were selected through an offline sensitivity study to maintain the 
lifetime-consumption and ripple-tracking errors within their specified 
limits. Thus, the weight of a degradation mechanism increases as its RUL 
decreases or its tracking error increases, while the ripple weight is 
proportionally reduced and all weights remain positive and sum to 
unity.

The GA uses a population size of 60 and a maximum of 50 genera
tions, with an elite count of 6, a crossover fraction of 0.8, adaptive 
feasible mutation, a function tolerance of 10− 6, and a stall-generation 
limit of 20. These parameters were selected through offline conver
gence study and are kept unchanged for all experimental cases. The 
optimized control variables determined by GA are responsible for gate 
drive control, and thermal management. The RCC update interval is one 
hour since the reliability states evolve much more slowly than the 
electrical control variables. An additional update can be triggered when 
a major load change is detected.

3. Lifetime assessment of SiC MOSFET in H-ANPC inverters

In the H-ANPC inverters, SiC MOSFETs experience simultaneous 
exposure to electrothermal and electrical stresses that drive multiple 
degradation mechanisms. The stress conditions derived from real-time 
measurements and PSO-based parameter estimation are processed by 
lifetime models to quantify device degradation accumulation and pre
dict RUL. These models capture the dominant failure mechanisms 
affecting SiC MOSFETs under realistic inverter operating conditions, 
enabling proactive lifetime management through continuous health 
assessment.

3.1. Device lifetime model for reliability prediction

The primary degradation mechanism for SiC MOSFETs under power 

x* = arg min
θ∈{fSW ,VGS ,SFan}

J(θ) subject to

C :
{
fSW− limit ,VGS− limit , SFan− limit

}

J(θ) = ωET ×
(
RUL*

ET − RULET
)2

+ ωDB ×
(
RUL*

DB − RULDB
)2

+ ωr ×
(
Iripple

* − Iripple
)2

(3) 
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cycling conditions is thermo-mechanical stress leading to package 
degradation. This failure mode is characterized using Bayerer's model, 
which relates cycles to failure based on the electrothermal stress profile: 

Nf = K • ΔTβ1
j • e

(
β2

Tj− min+273

)

• tβ3
on • Iβ4 (7) 

where Nf is the number of cycles to failure, ton is the device on-time 
duration, ΔTj is the junction temperature swing, Tj,min is the minimum 
junction temperature, and I is the current per bond wire. The model 
parameters K and β1,2,3.4 are extracted through least-squares fitting of 
IAT data, providing H-ANPC inverter representative lifetime predictions 
under electrothermal stress conditions.

Gate oxide reliability is characterized through TDDB testing, which 
evaluates long-term degradation under high electric field stress. The 
acceleration model incorporating voltage and temperature effects is 
expressed as: 

tDB = tstress × exp[γ • (VGS stress − VGS nom) ] • exp
[
Ea

kB

(
1

Tnom
−

1
Tstress

)]

(8) 

where tDB is the predicted failure time subject to at gate voltage VGS nom 
and temperature Tstress, γ is the voltage acceleration parameter, Ea is the 
activation energy for TDDB, kB is Boltzmann's constant, and tstress is the 
time to failure under accelerated test conditions. These models collec
tively provide RUL predictions that guide the adaptive optimization 
framework in selecting control parameters to achieve desired device 
lifetime while maintaining inverter performance.

3.2. Electrothermal and dielectric lifetime model fitting

Experimental characterization is conducted on 1200 V, 10 A TO-247 
SiC MOSFETs to establish device-specific lifetime models for the pro
posed control strategy. Electrothermal lifetime data were obtained 
through IAT where load current and Tcase is systematically varied to 
emulate realistic operating conditions. The Rds− on evolution versus cycle 
count is monitored until reaching a 15% degradation threshold, with 
results presented in Fig. 4. Fitting this data to Eq. (7) yielded ET model 
coefficients: K = 4× 106, β1 = − 3.67, β2 = 5.24× 103, β3 = − 0.43 
and β4 = − 0.01 [9].

For gate oxide reliability characterization, TDDB tests are conducted 
by applying constant gate-source voltage and temperature to the same 
SiC MOSFET part number. Fig. 5 presents the TDDB data fitted to the DB 
accelerated lifetime model in Eq. (8), with extracted parameters γ =

0.2432 and Ea = 0.0538 eV.

4. Experimental validation

Experimental verification of the proposed RCC framework utilizes a 
H-ANPC inverter testbed designed for accelerated reliability testing (IAT 

test), as shown in Fig. 6. The setup features a programmable DC power 
supply providing up to 900 V DC input voltage, enabling inverter 
operation to support a resistive load resistance of 4 Ω. The inverter 
configuration supports a peak inductor current of 10 A through a care
fully designed LC output filter that facilitates SiC MOSFET operation 
across the switching frequency range of 15 kHz to 60 kHz, ensuring 
compatibility with the proposed adaptive frequency control strategy. 
The device under test is a C2M0280120D SiC MOSFET rated at 1200 V 
and 10 A. Junction temperature is estimated using the validated IAT 
procedure in [9], and end-of-life is defined as a 15% increase in Rds− on, 
consistent with the IAT model calibration.

A dedicated signal conditioning board interfaces the inverter with 
the dual-core TMS320F28379D DSP, which serves as the control plat
form for both parameter estimation and adaptive optimization tasks. 
The signal conditioning circuitry provides high-fidelity measurement of 
critical system parameters including inductor current, DC-link voltage, 
inverter output voltage, and device case temperature via NTC-based 
sensors with analog filtering to minimize noise interference. The 
controllable operating variables are constrained to their experimentally 
validated ranges: (15 kHz ≤ fSW ≤ 50 kHz

)
, (15 V ≤ VGS ≤ 24 V), 

(2400 min− 1 ≤ SFan ≤ 8000 min− 1). The switching-frequency limits are 
selected from the output-filter design, device-loss behavior, and THD 
constraint. The gate-voltage range is limited by the validated gate-driver 
and device operating range, while the fan-duty range is limited by the 
rated fan operating region.

A high-resolution oscilloscope equipped with differential voltage 
probes provides measurement validation and independent verification 

Fig. 4. Cycles to failure data for the SiC MOSFET at different IAT test condi
tions of ΔTj and Tj− min used to construct ET lifetime model.

Fig. 5. Time to failure data for the SiC MOSFET at different TDDB test condi
tions of VGS and Tj used to construct DB lifetime model.

Fig. 6. Experimental setup for a reliability-centric control for SiC MOSFETS in 
H-ANPC inverter.

N. Gajanur et al.                                                                                                                                                                                                                                Microelectronics Reliability 185 (2026) 116261 

5 



of estimated device characteristics.

4.1. Real-time parameter estimation results

The RCC is implemented as a slow supervisory controller that is 
decoupled from the fast primary inverter-control loops. The signal 
measurement, PWM generation, and protection functions remain on 
CPU1 and are not modified by the RCC. The PSO-based device-param
eter and health estimation runs independently on CPU2, feeding stress 
calculations and RUL estimates to the host-based supervisory optimizer. 
Inter-processor communication between CPU1 (control coordinator) 
and CPU2 (parameter estimator) on the DSP is implemented via shared 
internal memory, ensuring real-time data exchange with minimal la
tency. The online estimation of Rds− on using PSO and junction temper
ature calculation of the SiC MOSFET in the H-ANPC inverter is 
implemented in real-time on CPU2, receiving sensor measurements 
communicated from CPU1. This implementation enables continuous 
monitoring of thermal stress during inverter operation. The estimated 
on-state voltage vds− on (derived from Rds− on and measured device cur
rent) is validated against oscilloscope measurements.

Validation is achieved through the 16-bit ADC oscilloscope with 
differential voltage probes. The oscilloscope data are processed to 
extract vds− on waveforms for independent comparison against the PSO 
estimates. Fig. 7(a) and (b) compare the estimated vds− on against oscil
loscope measurements at maximum inductor current of 7 A and gate 
voltage of 15 V and 20 V, respectively. The oscilloscope waveforms are 
post-processed to remove blocking voltage and averaged over each 
switching cycle, demonstrating that the real-time estimator tracks vds− on 
the measured values across varying gate drive conditions over a half line 
cycle. This close agreement validates the accuracy and robustness of the 
PSO-based estimation approach for in-situ device health monitoring.

4.2. SiC MOSFET lifetime prediction validation

The real-time validity of the RUL predictions is assessed by 
comparing LC resulting from the RCC implementation against pre
defined desired LC metrics during inverter operation. A MATLAB script 
hosted on the remote workstation executes the GA optimizer to achieve 
desired LC and current ripple values using live DSP data, Rds− on, ΔTj, 
Tcase, and Id generating optimal control setpoints for reliability-centric 
operation. These optimized setpoints are transmitted to CPU1 via SCI 

serial communication interface, where CPU1 implements the updated 
control parameters by adjusting fsw, Vgs, and Sfan to operate the H-ANPC 
inverter according to the optimization results. The inverter operates 
under these optimized parameter values for one hour, after which the 
actual LC and Iripple are measured. Simultaneously, the equivalent stress 
metrics and corresponding LC and Iripple are estimated using the 
parameter estimation and lifetime prediction models for direct com
parison.

The complete breakdown timing sequence of one supervisory RCC 
cycle, showing the division of computation among CPU1, CPU2, and the 
workstation are shown in Table 1. The total execution time of one su
pervisory RCC cycle, including PSO-based Rds− on estimation, stress and 
RUL calculation, and GA-based multi-objective optimization, is 
approximately 35 s. Since the RCC updates control setpoints once per 
one-hour supervisory interval, this computation represents less than 1% 
of the supervisory update period and completes well within that interval 
without interrupting or adding latency to the fast inverter-control loops. 
The present implementation is a laboratory proof of concept for real- 
time monitoring and supervisory online reliability optimization. For 
practical inverter products, this supervisory function can run on an 
auxiliary DSP core, FPGA/SoC, or embedded processor due to its low- 
dimensional and slow-update rate.

Fig. 8 presents the validation results after one hour of continuous 
operation at maximum inductor current of 7 A, demonstrating excellent 
agreement between desired and measured LC values for both electro
thermal (LCET) and dielectric breakdown (LCDB) mechanisms within less 
than 1% error, while current ripple measurements precisely match the 
desired reference, confirming that RCC maintains inverter performance 
without compromise. The close agreement between estimated and 
measured values validates the LC estimation methodology based on real- 
time stress assessment. The constraint utilization panel indicates well- 
balanced parameter space exploration with gate voltage showing high
est utilization, while the optimization weights reveal electrothermal 
lifetime consumption dominating the objective function, reflecting the 
adaptive weighting scheme's appropriate response to the primary 
degradation mechanism under these operating conditions. This close 
alignment between predicted and actual lifetime consumption values, 
combined with preserved performance metrics, validates the frame
work's capability to achieve targeted device health management while 
maintaining essential inverter functionality.

4.3. RCC IAT results

To assess long-term effectiveness under realistic aging, the RCC 
framework is exercised on the IAT platform in both baseline (fixed set
tings) and optimized modes. The optimizer selects control combinations 
that meet the specified LC targets and current-ripple reference, while 
treating device and control limits as constraints. Tests start from a 
baseline electrothermal mission and then apply a 10% extension to the 
desired time-to-failure to establish a measurable reliability margin. 
Because the applied gate-bias in these IAT runs is moderate, 

(a)

(b)

Fig. 7. Results comparing estimate vds− on from the DSP with oscilloscope 
measurement for SiC MOSFET with gate voltage of (a) 15 V and (b) 20 V.

Table 1 
Computational division and timing of the RCC implementation.

Function Platform Timing

Primary inverter control CPU1 Every switching 
period at 42 kHz

Measurement data transfer DSP CPU1/CPU2 shared 
memory

<1 ms

PSO based Rds− on estimation DSP CPU2 <1 s
Stress/RUL calculation and GA- 

based optimization
Remote workstation <32 s

Data transfer between DSP and 
workstation

SCI communication link <0.2 s

Logging and supervisory cycle 
overhead

Remote workstation <1 s
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electrothermal aging dominates; TDDB targets are therefore tightened to 
keep dielectric wear an active objective so that both mechanisms are 
managed proportionally to their contribution to overall reliability. Note 
that under normal inverter operation, electrothermal and gate oxide 
degradation mechanisms compete more equally, requiring proportional 
lifetime management for both pathways based on their relative contri
butions to overall device reliability. Throughout all runs, the ripple 
current target remains set at the nominal ripple reference to isolate 
lifetime improvements from performance changes.

Table 2 summarizes four scenarios, reporting the baseline IAT 
junction-temperature conditions, desired failure times, and achieved 
outcomes. In each case the RCC meets the desired lifetime objective; in 
three scenarios, the device surpasses the target by several cycles before 
reaching the failure criterion, indicating tangible extension with the 
available control resources. The last test shows only marginal gain over 
baseline condition and this is under the most severe thermal loading, 
where limited feasible operating space constrains further reduction of 
electrothermal cycling. Overall, across the four inverter-like accelerated 
test conditions, the RCC increased the measured time to failure by 
12.5%–21.0%, with a mean relative lifetime extension of 15.7% 
compared with fixed-setpoint operation.

Fig. 9 details one representative run (Test 3). The upper-left plot 
shows how the control variables evolve as the optimizer steers the 

system toward the desired end-of-life window. The upper-right plot in
dicates that both Tj,mean and ΔTj track their optimal trajectories closely 
across the test horizon. The lower-left panel reports tracking-error his
tories for LCET, LCDB, and ripple; errors settle quickly and remain low, 
evidencing stable convergence as conditions drift with aging. The lower- 
right panel shows measured ripple aligned with its optimal and target 
values, confirming that the ripple objective is held while reliability 
targets are met. Neural-network lookup tables are refreshed at each 
optimization interval with new measurements, improving temperature 
prediction and maintaining robustness as device parameters shift over 
time.

Fig. 10 contrasts the Rds− on trajectory under baseline IAT and IAT 
with RCC for the test cases described in Table 2. With RCC, the increase 
in Rds− on is more gradual, most notably through the mid-life region 
where electrothermal cycling dominates and the optimizer has greatest 
leverage, before the curve naturally steepens near intrinsic end-of-life 
limits. Across the four accelerated test cases, the combined normalized 
RMS tracking error of the electrothermal and dielectric lifetime- 
consumption targets remains below 1%, while the combined RMS 
error across all three objectives remains below 1.5%. These results show 
that the selected PSO–GA implementation provides sufficient accuracy 
and computational feasibility for the intended supervisory reliability- 
control task.

The sensitivity of RCC performance to RUL prediction error is eval
uated for Test 3, and the results are shown in Fig. 11. The 0% RUL-error 
point corresponds to the experimentally validated RCC result. The 
remaining points are obtained by introducing a prescribed RUL bias at 
each supervisory update, using the biased RUL to optimize the control 
variables, and then updating life consumption with the selected control 
action until end-of-life. Small RUL errors preserve positive lifetime gain, 
whereas larger errors eventually make the RCC less effective than fixed- 
setpoint operation. To ensure safe operation, unreliable estimates, 
identified from unrealistic RUL changes relative to the measured case 

Fig. 8. Validation of reliability-centric control: predicted vs. measured LC and performance of SiC MOSFET in H-ANPC inverter after 1-h operation.

Table 2 
IAT results with RCC: baseline thermal conditions, target lifetimes, and achieved 
lifetimes.

Test parameter Test 1 Test 2 Test 3 Test 4

Tj− min(◦C) 43 47 43 51
ΔTj (◦C) 85 82 77 61
IAT Failure (hours) 24 58 97 200
Expected Lifetime with RCC (hours) 29 64 107 230
Resulting Lifetime (hours) 27 66 112 242
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temperature and device current, trigger constraint tightening and 
reversion to the validated nominal operating point.

To further evaluate the RCC under variable-load operation, an 
additional IAT was performed using a step-varying load-current profile, 
as shown in Fig. 12. The RCC-controlled device achieves a 10.4% life
time extension compared with the no-RCC case, although it falls 3 h 
short of the target lifetime. The result shows that the RCC retains 
lifetime-shaping capability under variable-load operation. A constant 
equal-weight comparison was also performed for Test 3. The adaptive 
weighting strategy achieved a 15.5% lifetime extension, while constant 
equal weighting achieved 17.5%. This comparison shows that the 
adaptive strategy is intended to regulate the mechanism-specific relia
bility–performance trade-off and RUL tracking behavior.

Collectively, the results demonstrate that embedding device lifetime 
models into a closed-loop optimizer can moderate degradation while 
maintaining the current-ripple target and satisfying device and control 
constraints, establishing RCC as a practical approach for enhancing the 
reliability of SiC MOSFETs in H-ANPC inverters. The RCC is validated 
using accelerated laboratory IAT conditions to isolate and verify closed- 
loop lifetime shaping. Broader field mission profiles, intermittent-load 
operation, and RUL-estimation uncertainty require corresponding 
experimental validation. Extension to other devices or converter topol
ogies requires recalibration of the lifetime models and operating 
constraints.

5. Conclusion

This paper has proposed a real-time monitoring and supervisory 

Fig. 9. RCC performance during IAT (Test 3): (top-left) evolution of optimized control variables, (top-right) junction temperature tracking against optimal targets, 
(bottom-left) tracking error convergence for LC and ripple objectives, and (bottom-right) measured, optimal, and target current ripple alignment throughout ttest .

Fig. 10. Rds,on progress of the RCC test compared to IAT without RCC.

Fig. 11. Sensitivity of RCC lifetime gain to RUL prediction error for Test 3.
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online reliability optimization framework for mechanism-specific life
time control of power-electronic converters. The proposed reliability- 
centric control successfully integrates electrothermal and gate-oxide 
lifetime models with adaptive multi-objective optimization to extend 
the device lifetime of SiC MOSFETs in H-ANPC inverters. By continu
ously estimating key degradation parameters and dynamically adjusting 
switching frequency, gate-drive voltage, and cooling effort, the 
approach maintains device stress within target limits without sacrificing 
inverter performance. Experimental validation using a dual-core DSP 
platform and high-resolution measurement instrumentation, demon
strated the robustness and accuracy of parameter estimation and 
remaining useful life prediction.

The accelerated testing results underscore the practical viability of 
embedding physics-based lifetime models into inverter control archi
tectures to enhance reliability. Across four accelerated test conditions, 
the RCC achieved a mean lifetime extension of 15.7% compared with 
fixed-setpoint operation. The lifetime-consumption targets were tracked 
with below 1% combined RMS error, while current ripple remained 
within the prescribed limit. These results demonstrate the feasibility of 
using remaining useful life information for reliability-oriented control of 
power-converter devices.
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