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(57) Abstract: The systems and methods described herein are for remaining useful life prediction in electronics and include measuring
a plurality of circuit parameters for each of a plurality of circuit components at a plurality of different temperatures, determining a
probability density function of failure as a function of time for each of the plurality of circuit components and combining the probability
density functions for each of the plurality of circuit components as a function of a circuit that contains the plurality of circuit components.
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SYSTEMS AND METHODS FOR REMAINING USEFUL LIFE PREDICTION IN
ELECTRONICS

STATEMENT OF GOVERNMENT RIGHTS

[0001] This invention was made in the performance of a Cooperative Research and
Development Agreement with the Naval Surface Warfare Center, Crane Division (NCRADA-
NSWCCD-18-292). The Government of the United States has certain rights in the invention
pursuant to Contract No. W52P1J-20-9-3005 between the Department of the Navy and the

University of Houston-Cullen College of Engineering.
RELATED APPLICATIONS

[0002] This application claims benefit of and priority to U.S. provisional patent
application 63/253,691, filed October &, 2021, which is hereby incorporated by reference for

all purposes as if set forth herein in its entirety.

BACKGROUND

[0003] This disclosure pertains to systems and methods for remaining useful life

predictions in electronics.

SUMMARY

[0004] The present disclosure relates generally to systems and methods for
remaining useful life (or RUL) predictions in electronics, and includes measuring a plurality of
circuit parameters for each of a plurality of circuit components at a plurality of different
temperatures, humidity levels, voltages, vibration levels, or other stressors, determining a
probability density function of RUL as a function of time for each of the plurality of circuit
components and combining the probability density functions for each of the plurality of circuit
components as a function of a circuit that contains the plurality of circuit components, to
calculate the ‘probability of survival’ or as an extension, ‘probability of failure’ of the circuit

or converter.

[0005] For example, the present disclosure relates to systems and methods to enable
in-situ health monitoring in power converters, component qualification at multiple operating
conditions of a power converter’s mission profile, a statistical approach using probability

density functions (PDFs) and associated concepts in measure theory to predict the probability
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of system failure using individual components’ qualification data, statistical techniques such
as Scenario-Probability Distributions and Point Process to incorporate the effects of mission
profile in the system’s RUL, machine learning (ML) based models for in-situ digital twin and
RUL prediction that can be implemented using Field Programmable Gate Arrays (FPGAs),
Application Specific Integrated Circuits (ASICs) or Graphics Processing Units (GPUs) and

other important technical features as discussed and disclosed further herein.

BRIEF DESCRIPTION OF THE DRAWINGS

[0006] FIGURES 1A-C are diagrams of an experimental test setup for FET
degradation that is used to derive a dataset for the reliability evaluation, in accordance with an

example embodiment of the present disclosure;

[0007] FIGURES 2A-C are diagrams of waveforms in accordance with an example

embodiment of the present disclosure;

[0008] FIGURES 3A-B are diagrams of converter and datasets, in accordance with

an example embodiment of the present disclosure;

[0009] FIGURES 4A-B are diagrams of datasets, threshold values, and the RUL

PDFs for components, in accordance with an example embodiment of the present disclosure;

[0010] FIGURE 5 is a diagram of a trained two-layer ANN for real-time RUL

prediction, in accordance with an example embodiment of the present disclosure;

[0011] FIGURE 6 is a diagram of a lifetime indicator of survival probability (T x),

in accordance with an example embodiment of the present disclosure;

[0012] FIGURES 7A-B are diagrams of an evaluation process fromtraining/test

data for the trained ANN, in accordance with an example embodiment of the present disclosure;

[0013] FIGURES 8A-F show three different comparisons between calculated
survival probability by the proposed algorithm and predicted survival probability for a

converter with the trained ANN, respectively, with different values for Rpsiony and ESRs; and

[0014] FIGURES 9A-B show the survival probability by the proposed algorithm
under the scenario of four FETs along with two capacitors in the power electronics converter,

and also assuming uniform distribution for probability density function.
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DETAILED DESCRIPTION OF PREFERRED EMBODIMENTS

[0015] The present disclosure relates to systems and methods for predicting
remaining useful life in electronics. T-model, Pi-Model, PWM switch model, DC transformer
model, averaged model and other suitable models can be used for the analysis of electronics,
specifically power converters. These models make it possible to estimate the performance,
losses, transfer function, and other parameters of a circuit even before the circuit is physically
built. The disclosed systems and methods can form the core of simulation tools. As electronics
become faster, smaller and cheaper, there is a need to improve the reliability, resiliency and
performance across various applications. Hence, there is a need for additional developments in
modeling and analysis of electronics, and even more so in power converters, which take an

entirely new holistic design approach based on mission profile (or operating profile).

[0016] Several model-based techniques can be used to predict the reliability of
power converters, including the use of analytics to interpret system characteristics and
performance. A custom accelerated aging platform for power FETs can use a data-driven
approach to estimate the remaining useful lifetime (RUL) of a power device. The power devices
can be silicon carbide (SiC) FETs, gallium nitride (GaN) FETs, silicon (Si) FETs, etc. The
present disclosure can also or alternatively be used for power converters using other types of
devices, such as insulated gate bipolar transistors (IGBTs), thyristors and diodes. A system and
method for reliability evaluation of power converters can be based on on-line monitoring of a
particular parameter variation over time and deploying Bayesian algorithm for data
exploitation. Degradation monitoring of FETs and an early warning method to detect aging
can be performed. A RUL estimation technique for the critical component in a system can be
used for motor bearings. These techniques can be used to enhance implementation of ‘digital
twins’ for power converters, to develop systems with better performance and reliability.

However, there are limitations to existing approaches:

[0017] {a) Qualification tests are usually performed at room temperature or at fixed
test conditions; but do not always consider the mission profile, which usually requires test data

under different operating conditions (say voltage, current, temperature, etc.);

[0018] (b) Once the failure data are collected from qualification tests, the actual
RUL estimation using the monitoring process is usually based on the worst case component

failure time. This is often a conservative approach and will either result in underutilization of
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parts or in a large inventory, if replacement parts are procured much earlier than when the

existing ones fail;

[0019] {c) In order to assess the RUL of the complete system as a function of time
and mission profile, it is not sufficient to address just one ‘most critical’ component, but the
cumulative characteristics of all the components must be considered that can constitute a

system failure;

[0020] {d) In order to identify any anomalies in the converter performance, it is not
efficient to employ multiple computers to implement digital twins for individual converter
modules; it may only be practical to have a central computer system to develop digital

equivalent for the complete system;

[0021] (e) Digital twin requires data from sensors in different converter modules to
be sent to the central system for analysis and decision making, which are susceptible to noise,

delays and cyber-attacks.

[0022] This disclosure solves the above problems, such as by providing: (i) a
suitable system and method to enable in-situ health monitoring in power converters, (ii)
component qualification at multiple operating conditions of a power converter’s mission
profile, (iii) a statistical approach using probability density functions (PDFs) and associated
concepts in measure theory to predict the probability of system failure using individual
components’ qualification data, (iv) statistical techniques such as Scenario-Probability
Distributions and Point Process to incorporate the effects of mission profile in the system’s
RUL, (v) machine learning (ML) based models for in-situ digital twin and RUL prediction that
can be implemented using FPGAs (or ASICs, GPUs, etc.), and other example embodiments as

discussed and disclosed herein.
[0023] The present disclosure further includes:

[0024] 1) Systems and methods in the appropriate sequence, which lead to the
prediction of the RUL or health of the electronics assembly or sub-assembly (here, power
converter system) along with an indication of the respective probabilities of survival for

different mission profiles (or operating conditions).
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[0025] 2) Systems and methods used to pre-process the probabilities of survival
with an offline computing facility (or equipment), and using machine learning/neural networks
(or other techniques such as regression) to build an equivalent model that is light enough to be

implemented on FPGAs or GPUs or other in-situ devices.

[0026] 3) The model’s inputs can include the ‘health indicators’ (such as sensed
values of capacitor ESR, FET on-state resistance, temperature or on-state collector-emitter
voltage of insulated gate bipolar transistors or IGBTSs, etc.), ‘mission profile information’ (such
as sensed values of temperature, humidity, accelerations/vibrations, current, etc.). The model’s
output can include the health status of the electronics system, which can be represented as the
RUL (in hours, months, etc.) for different probabilities of survival (such as 99 %, 90 %, 50 %,

10 %, etc.) or be represented in a different format such as “Percentage of RUL”.

[0027] 4) The output of the model can be displayed on an in-situ or distant
equipment such as laptop/PC, LCD/LED displays, etc. The output can also be transmitted over
any other communication method, such as Bluetooth, WiFi, wires, etc. This representation can
be used to enable operators/warfighters/engineers, etc. to understand the status of the
clectronics system to make cognitive decisions about their status, performance, repair,
maintenance, replacement or other operations. This approach can also enable logistics/supply

chain personnel to assess the stock and manage the inventory.

[0028] 5) All the above systems and methods can be extended to mechanical,
infrastructure or other systems/equipment, via sensing some other health indicators (or

parameters) such as pressure.

[0029] 6) All the above systems and methods can be extended to several other
‘smart and connected’ applications. One example is in the dynamic determination of the
warranty of cars, household equipment, etc. Several modern systems (such as cars or smart
devices) are inter-connected and also have some intelligence built inside them. By monitoring
certain system parameters online as health indicators, the manufacturers or other entities can
track the system degradation (or deterioration) by being able to predict the RUL. Thereby, more

appropriate numbers regarding equipment warranty can be decided.

[0030] 7) The probability density functions can be assumed to follow different
types of distributions (as appropriate), such as uniform, gradient extreme value (GEV), normal,

beta, skewed normal, etc.
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[0031] 8) Multiple approaches of machine learning techniques can be followed,

such as Bayesian Regularization, Random Forest, etc.

[0032] 9) The component or sub-assembly qualification process can be based on
thermal cycling, accelerated thermal and vibrations, humidity, etc. Methods such as Scenario-
Probability Distributions and Point Process can be used to relate the mission profile with the

qualification data.

[0033] 10) The systems and methods are scalable — components to devices, devices

to sub-assemblies, sub-assemblies to assemblies, assemblies to larger systems, etc.

[0034] The present disclosure provides an interdisciplinary approach that
incorporates statistics, machine learning, reliability engineering, electronics, etc. Reliability
distributions are derived from real qualification data, which was not previously used to derive

conclusions beyond the device level to the system level.

[0035] In one example embodiment, the reliability of each component in a power
converter affects the reliability of the overall system. Due to the advancements in computing
infrastructure and sensor technologies, data-driven approaches for the prediction of the health
of power converters in real-time are slowly becoming popular. This disclosure provides a new
statistical approach using probability density functions (PDFs) and associated concepts in
measure theory to predict the probability of system failure using individual components’
degradation data. For this purpose, remaining-useful-life (RUL) is estimated for each power
component (or sub-system) using qualification data, followed by an evaluation of a cumulative
probability of survival for the converter. An artificial neural network (ANN) is then trained to
quickly estimate in real-time, the probability of survival of the power converter in the future.
While the algorithm involves multiple computation steps, the RUL prediction accuracy using
this example embodiment of the system and method can be high due to the data-driven
approach. Moreover, the machine learning-based model resulting from this approach to predict
the probability of survival is light on memory utilization. It is envisioned that this approach can
be used to create digital twins of power converters in practical circuits, optimize performance,
and predict RUL. This disclosure explains a practical approach as shown by an example
analysis of an isolated DC-DC converter. An experimental qualification setup for device

degradation test and system-level RUL measurement systems and methods are provided.
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[0036] Power semiconductor devices and electrolytic capacitors are usually the
most vulnerable components to fail in a power converter system. The failure mechanisms of
power electronics are complicated and are affected by many factors. It has been revealed that
thermal cycling, i.e., temperature swings inside or outside the components, is one of the critical
causes of failure in the power electronics system. The failure of any of these components may
lead to shutting down of the whole system, which not only affects safety but also increases

operational cost.

[0037] Several model-based techniques can be used to predict the reliability of
power converters, including the use of analytics to interpret system characteristics and
performance. A custom accelerated aging platform for power FETs can use a data-driven
approach to estimate the remaining-useful- life (RUL) of a power device. A new system and
method for reliability evaluation of power converters is based on on-line monitoring of a
parameter variation over time and deploying the Bayesian algorithm for data exploitation.
Degradation monitoring of silicon carbide MOSFETSs and an early warning method can be used
to detect aging. An RUL estimation technique for the critical component in a system can be

used for motor bearings.

[0038] However, there are several limitations to existing approaches: (a) Once the
failure data are collected from degradation tests, the actual RUL estimation using the
monitoring process is usually based on the worst-case component failure time, which is often
a conservative approach and will either result in underutilization of parts or in a large inventory;
and (b) In order to assess the RUL of the complete system as a function of time and mission
profile, it is not enough to address just one ‘most critical’ component, but the cumulative
characteristics of all the components must be considered that can constitute a system failure.
Considering the necessity of having a system-level health monitoring index, different methods
and algorithms are applied to different datasets. The artificial neural network (ANN) is known
as universal function approximators, which can approximate any given nonlinear input/output

data relationship with arbitrary precision.

[0039] A new system and method is disclosed for evaluating the survival index
(system-level RUL) of power converters. This system and method aims to address the above
issues by developing a statistical approach using probability density functions (PDFs) and
associated concepts in measure theory to predict the probability of system failure using

individual components’ qualification data. Focusing on system-level operation provides a new

-7 -



WO 2023/200474 PCT/US2022/046024

real-time reliability prediction approach using ANN-based for power FET devices and power

converters. Some advantages of the present disclosure are:

[0040] Measure theory-based algorithm uses data obtained via actual qualification

of device samples, in various ambient temperatures and under different power levels.

[0041] The proposed algorithm can be applied for other power converters or any

system in general, that consist of multiple critical sub-systems or components.

[0042] Evaluating probability of survival of power converters with on-line
monitoring of health indicator variations over the time using a machine-learning-based

approach

[0043] Drain-source on-resistance (Rpscon)) value estimation considers the fast
switching performance of the devices during ON time via a drain-source on-voltage (Vpson))

measurement circuit.

[0044] Usage of component-level RUL indices for power FETs, capacitors and

other critical components.

[0045] Simple ANN model resulting from this approach to predict the probability
of survival index is light in computational memory usage and can be implemented on GPUs,

FPGASs, or other suitable devices.
[0046] II. DATA COLLECTION AND COMPONENT-LEVEL RUL

[0047] PREDICTION  FOR  CONVERTER  SYSTEM-LEVEL RUL
PREDICTION

[0048] A power conversion system consists of several components, including
FETs, capacitors, etc., where each has its own reliability function. The system-level RUL
prediction algorithm should represent the real-time interaction between the reliability of all
individual components with each other to evaluate the health indicator (or survival index) under
various operating conditions. Therefore, measure theory can be used to develop a general
approach to estimate the system RUL. The first step is the data collection via component-level

qualification test. In this disclosure, a full bridge topology is chosen as the system-level
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converter for RUL evaluation. As mentioned earlier, the methodology is not restricted to a

specific power converter and can be applied with different systems and topologies.

[0049] Capacitors, especially aluminum electrolytic (AECs) are some of the most
age - affected components in power electronic converters. Since AECs are major cause for
power clectronics equipment breakdown, therefore their reliability is of major concern.
Throughout the life of AECs, the equivalent series resistance (ESR) increases due to the loss
of the electrolyte. Industry defined standards specify the end-of-life threshold for an electrolytic
capacitor as a 10 % to 20 % decrement in capacitance and 200 % or more increment in the ESR
value from its initial rated value. Experimental and real-time techniques are used to determine
the reactance and ESR intrinsic values of aluminum electrolytic capacitors. An available

dataset for ESR can be used in the proposed RUL prediction algorithm.

[0050] In one example embodiment, SCT2280KEC SiC-FET can be the power
DUT (device-under-test), but the system and method itself can be applied for other types of
power devices. For power switches, the junction temperature and Rpsony of DUT are usually
the temperature-sensitive-electrical-parameters (I'SEP) or health indicators to represent the
degradation of the device. The present disclosure can begin with the component-level
qualification and degradation data collection involving ‘n’ samples for each component (SiC-
MOSEFET, capacitor, etc.). For simplicity purposes, this disclosure considers the approach and
algorithm only with regards to SiC-FETs and capacitors, where increase in Rpscony and ESR
values are chosen as health indicators of lifetime performance, respectively. The detailed
procedure for component-level characterization (or qualification) is described as follows. Other
qualification systems and methods and health indicators can also be used, depending on the

component.

[0051] To estimate Rpscon) during degradation test, the Vpsony can be monitored
and captured using an improved measurement circuit. A Vcg measurement circuit for IGBT
devices cannot be used for SiC devices practically due to faster switching speeds. A diode
should turn off faster than DUT to protect op-amp from overvoltage during DUT off-time
operation. The turn-off time for SiC-MOSFETs and Schottky diodes is in the range of
nanoseconds, which means both will turn off at the same time. Therefore, for SiIC-MOSFET
Rpsoony estimation, over-voltage protection via two ZENER diodes with inverting and non-

inverting pins of the op-amp are added to clamp pin voltages at constant levels. The disclosed
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algorithm is based on calculating the RUL for each component with captured data during the

degradation process.

[0052] FIGURES 1A-C are diagrams 100 of an experimental test setup for FET
degradation that is used to derive a dataset for the reliability evaluation, in accordance with an
example embodiment of the present disclosure. Two DUTs 102 and 104 are shown degrading
at the same time with 8 A DC current located in a temperature chamber 106 with 75 °C ambient
temperature. Based on different mission profiles of respective applications, it is also possible
to degrade DUTs 102 and 104 with different ambient temperatures under various current levels.
In order to measure the lifetime of a SiC-MOSFET under controlled operating conditions, an
automated data logging system was implemented in dSPACE-RTI1202 platform 108 to control
the power and heat flowing in and out of the DUTs 102 and 104. The sampling time is 5 ms,
and data is logging at 20 Hz frequency.

[0053] FIGURES 2A-C are diagrams 200 of waveforms in accordance with an
example embodiment of the present disclosure. In FIGURE 2A, the degradation cycle consists
of two states, heating and cooling. In the heating state, the DUT is switched ON, and current
flows through the DUT, causing its temperature to rise as a result of conduction losses. At the
same time, the control system switches the current in the thermoelectric cooler (TEC), causing
heat to flow into the DUT from the heat sink, and blocking the heat flow out of the device. This
results in a very fast junction temperature rise in the DUT. In the cooling state, the DUT is
switched OFF and current stops flowing. At the same time, the current in the thermoelectric
cooler is switched reverse so that heat flows out of the DUT into the heat sink. Using a TEC in
this way greatly increases the cooling speed of the DUT. During each cycle, DUT junction
temperature is monitored, and controller moves from cooling state to heating state when
junction temperature reaches its minimum threshold (here Tj.min is 75 °C) and returns to cooling
state when the DUT maximum junction temperature is reached (here Tjmax is 160 °C). These
maximum and minimum junction temperature thresholds are set in the control system and can
be modified for each test, or even during a test, to alter the operating range of the DUT. As
shown in FIGURE 2A, the switching cycle will continue until Rps_on passes its failure

threshold.

[0054] The experimental results of device degradation cycles along with Vpson)
and Drain-Source current are shown in FIGURE 2B. The accumulated estimated Rpson) for

DUT is shown in FIGURE 2C. Due to a large amount of data, for more clarity purposes, only

-10 -
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initial and final variations of Rpsoon) are plotted. The initial value for Rpscon) is almost 450

mf2, and it reaches 720 mQ at the end of the degradation test.

[0055] FIGURES 3A-B are diagrams 300 of converters and datasets, in accordance
with an example embodiment of the present disclosure. For further component-level reliability
calculation, the degradation data of Rpson) is fitted to an exponential equation (Rps_on = a *
ebt) to model the component behavior during the operational lifetime, as shown in FIGURE
3A. For device RUL estimation, at any given point in the operation run time, the time (or the
number of cycles) difference between the current values to the failure value of the respective
health indicators in each of the ‘n’ samples will be calculated. In other words, the RUL of each
component is the difference between the intersections of the exponential model with a value of

health indicators at the time ti and time of reaching failure threshold at tgorq) [TrULG) = tEoLG) —

tw)-

[0056] For example, the FET’s degradation model and calculated RUL times are
shown in FIGURE 3A. With a random value of Rpsiony = 0.6 Q and the threshold value of 1.1
Q for the component (solid and dashed blue color lines in FIGURE 3A) and considering all
calculated TRUL(1) for 9 samples, the lifetime distribution for RUL (or time-to-failure
distribution) can be obtained and fitted with an appropriate distribution function like Beta,
Gamma or Skew normal distribution. For simplicity, a normal distribution is used to fit data in
this disclosure. Therefore, RUL is represented by a probability distribution, describing the
probability of the predicted RUL of the component with time. It should be noted that due to the
uncertainties in the lifetime prediction, the reliability metric is usually expressed in terms of
statistical values, rather than a fixed value. A similar procedure can be implemented for
electrolytic capacitors based on ESR decrement to calculate the PDF of RUL. These PDF

characteristics can be used in the survival measurement, which is described in the next section.
[0057] III. SYSTEM-LEVEL SURVIVAL PROBABILITY FUNCTION

[0058] Once the converter module is implemented and is under actual operation,
the different system parameters need to be continuously monitored. Considering a power
electronic converter with ‘k’ components, the whole system cannot function if any of the ‘k’
components fail. It means that the failure of each component results in loss of operation for the

converter.

-11 -
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[0059] In this disclosure, an isolated DC/DC converter 302 shown in FIGURE 3B
is considered a system. For simplicity of analysis, it is assumed that the diodes and high-
frequency transformer have a longer life than the FETs and capacitors. The parameters of the
operational converter have a very high likelihood to have characteristics very similar to the
ones that underwent qualification. The system-level survival index is described as follows. As
described in the previous section, a set of values for ‘n’ samples of two major components,
FET and capacitor, is provided to find the probability of RUL at any given operation time (ti).
With these values, PDFs of RUL for each component can be derived in terms of “time in the
future” operation, which means how much time in the future respect to present time of
operation is remained for the component to be failed. Considering the isolated DC/DC
converter 302 in FIGURE 3B, four SiC switches, and two capacitors are used. Therefore, in
this case, the corresponding PDF of RUL for these six components will be considered to

cvaluate the system-level survival index.

[0060] The effective survival probability of the converter with ‘6’ parameters (four
Rpson and two ESRC) at a specific time ‘t’ in the future is given by Eqn. (1), based on the
combined evaluation of the areas under the RUL PDF curves. This equation can be extended
to ‘k’ parameters for different configuration of power converter with ‘k’ number of critical
components. From the above equation, it can be seen that the survival probability
(PDF_Survival) of the converter at any given time in the future will be affected by the PDF of
the most critical component(s) (ones that are most likely to fail first). However, the actual
failure of any one part will constitute the failure of the system. As an example, the RUL PDFs
of k = 2 parameters, one Rpson) and one ESRC, were considered and derived with available
degradation data (n=9 samples for SiC- MOSFET and n=9 samples for capacitor) for a random

set of ‘present’ values for these two parameters.

[0061] FIGURES 4A-B are diagrams 400 of a dataset, threshold values, and the
RUL PDFs for components, in accordance with an example embodiment of the present
disclosure. The system-level survival probability of the converter is calculated based on Eqn.

(1). FIGURE 4A shows the scenario where there is no overlap between the respective RUL

-12 -
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PDFs of the two parameters, which means that the probability of survival of the overall system
is determined mainly by that of the FET, which is most likely to fail much earlier than the
capacitor. FIGURE 4B shows the scenario with significant overlap (as will be in most practical
applications involving multiple devices). From these estimates, it will be possible to extract a
wide range of information. Under case (b) in FIGURE 4B, there is a 60 % chance (probability
of 0.6) that the converter will survive for another 19,000 hours and a 10 % chance that it will
function for 22,000 hours, given the same conditions. Also, it can be estimated that 10 % of
the converter will fail after 24,000 hours. Such information will be useful for both operators
and supply chain personnel to estimate when replacement parts are needed or take any urgent
action to protect the system from potential damages. When the operating conditions change,

the RUL estimate also adapts.

[0062] IV.PROPOSED ONLINE HEALTH-MONITORING OF POWER
CONVERTERS UNDER DIFFERENT OPERATING CONDITIONS

[0063] In order to monitor the health operation of any converter in real-time mode,
a machine learning algorithm is used and trained considering a large number of combinations
among health indicators to cover any possibility of variation. For the converter used in this
disclosure, all possibilities of variation for six health indicators, including four Rpsony of FETs
and two ESRc of capacitors are changing between initial value up to failure threshold
(Xinitial_vale < Rpsony & ESRc < Xihreshold_valve). Then, the RUL PDFs of all components and
survival index for the whole system (PDF_Survival) are calculated for all possible

combinations of parameters.

[0064] FIGURE 5 is a diagram 500 of a trained two-layer ANN for real-time RUL
prediction, in accordance with an example embodiment of the present disclosure. Using this
data, an Artificial-Neural-Network (ANN) is trained to perform online health-monitoring with
new incoming input data from health indicators. A two-layer backpropagation network shown
in FIGURE 5 with sigmoid hidden neurons and linear output neurons is implemented to fit
multi-dimensional mapping. The specification of trained ANN is presented in Table 1. The
Levenberg—Marquardt algorithm (LMA), which is a hybrid technique that uses both Gauss—

Newton and steepest descent approaches to converge to an optimal solution is used.

[0065] FIGURE 6 is a diagram 600 of a lifetime indicator of survival probability

(T_x), in accordance with an example embodiment of the present disclosure. To get more
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understandable information, instead of getting time-series output from ANN, lifetime indicator
of survival probability (T_x) is defined and used to monitor the health condition of the
converter, as shown in FIGURE 6 (it may be noted that it is the zoomed in region of the
probability of survival plot in FIGURE 4). Thus, the system-level reliability assessment is
performed using time T_99 with 99 % probability of survival, T_90 with 90 % probability of
survival, etc. The inputs of ANN are the current values of health indicators (Rpson) and ESRc)

in practical operation, and the outputs are the 7_ lifetime indicator of survival index.

[0066] FIGURES 7A-B are diagrams 700 of an evaluation process from
training/test data for the trained ANN, in accordance with an example embodiment of the present
disclosure. FIGURE 7A shows the regression plot from training, validation, and testing data
set, with an excellent R-value of close to 1. From FIGURE 7B can be seen that the mean-square
error histogram has a single long bar, which means the error value is very close to zero. When
the MSE reaches 0.043, and the minimization has converged. It is clear that by taking more
data points in the training set, the curve estimation can be further improved, while it may take

a longer time to arrive at the model.

[0067] To evaluate the performance of the trained ANN, a vector of new values of
health indicators (four Rpsoon) and two ESRc) are chosen and sent to ANN, and the output of
ANN is captured as predicted system-level survival probability. Table I shows one condition
of input and output for ANN. For example, for input values of 0.35, 0.4655, 0.4286 and 0.3609
ohms for four Rpsoon) and values of 0.65 and 1.025 ohms for two ESRc, since T o9 is equal to
10909.7, it can be said that with 99 % of probability, that the DC/DC converter will work for
10909.7 hours until its end of useful life (EoL). As an operator’s point of view, knowing
different time interval indexes (T_99, ..., T_01) can help to make a further decision regarding
doing required maintenance or replacement in power converters, which results in reducing

periodic maintenance costs without having enough information of time in the future operation.

[0068] FIGURES 8A-F are diagrams showing three different comparisons
between calculated survival probability by the proposed algorithm and predicted survival
probability for a converter with the trained ANN, respectively, with different values for Rpson)
and ESRs. In each possible combination of health indicator values, the RUL PDF graphs and
the probability of survival are plotted along with calculated and predicted time interval indexes.
Also, the calculated Mean-Square-Root-Error (MSRE) shows the high precision prediction of

trained ANN, which is crucial for sensitive applications like downhole oil and gas, defense
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applications, aerospace, etc. It is shown (in a zoomed-in graph) that in the context of 100,000

hours of operation of converters, the worst-case error is less than 200 hours (<0.2 %).

Table II. The evaluation of trained ANN for six random values of power SiC
switches and capacitors

ANN Inputs - health indicators (Q)
Rosonl Rpson2 Ropsony3 Rosond | ESRc1 ESRc
0.35 0.4655 0.4286 0.3609 | 1.025 0.65

ANN Outputs - time interval indexes (Hours)

T s0 T 7 T 60 T 50 T 40 T 30 T 2 T 10 T o1

12069 | 12299 | 12492 | 12668 | 12842 | 13024 | 13234 | 13518 | 1417
2 .6 2 4 0 4 2 8 5.7

[0069] FIGURES 9A-B are diagrams 900 showing the survival probability by the
proposed algorithm under the scenario of four FETs along with one capacitor in the power

clectronics converter, and also assuming uniform distribution for probability density function.
[0070] V. CONCLUSION

[0071] A statistical system and method to predict the probability of survival for
power converters based on the measured data of component level degradation (qualification)
and using machine learning is disclosed. An experimental hardware setup for device
degradation test and system-level RUL measurement is provided. This approach aims to
estimate the probability of survival for a converter by predicting the RUL of all the critical
power components in the system. The main advantage of the proposed technique is that it uses
real degradation data to estimate both component-level and system-level RUL indices, which
results in increased precision and feasibility of the proposed approach. Moreover, since the
machine learning-based algorithm is light in computational memory usage, it can be
implemented on GPUs, FPGAs or ASICs. The disclosed system and method can gain further
traction to be implemented in modern concepts, including digital twins. A degradation circuit
set-up to achieve a precise measurement, considering the noise during fast switching operation

of the SiC-FETs, is also suggested in this disclosure for Rpsony measurement.
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WHAT IS CLAIMED IS:
1. A method for estimating a remaining lifetime of an electronic component,
comprising:

measuring a circuit parameter for a circuit component at a plurality of different
Stressors;

determining a probability density function (PDF) of remaining life as a function of time
for the circuit component; and

combining the PDF of failure for the circuit component with at least one additional PDF

of remaining life as a function of a circuit that contains the circuit component.

2. The method of claim 1 wherein measuring the circuit parameter for the circuit
component at the plurality of different stressors comprises measuring a plurality of circuit

parameters for the circuit component.

3. The method of claim 1 wherein measuring the circuit parameter for the circuit
component at the plurality of different stressors comprises measuring the circuit parameter for

a plurality of circuit components.

4. The method of claim 1 wherein measuring the circuit parameter for the circuit
component at the plurality of different stressors comprises measuring a plurality of circuit

parameters for a plurality of circuit components.

5. The method of claim 1 wherein determining the PDF of remaining life as the
function of time for the circuit component comprises determining a PDF of remaining life as

the function of time for each of a plurality of circuit components.

6. The method of claim 1 wherein combining the PDF of remaining life for the
circuit component with at least one additional PDF of remaining life as the function of a circuit
that contains the circuit component comprises combining the PDF of remaining life for the
circuit component with at least one additional PDF of failure for a second circuit component
as the function of a circuit that contains the circuit component and the second circuit

component.
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7. The method of claim 1 wherein combining the PDF of remaining life for the
circuit component with at least one additional PDF of failure as the function of a circuit that
contains the circuit component comprises combining the PDFs of remaining life for each of a
plurality of circuit components as a function of a circuit that contains the plurality of circuit

components.

8. The method of claim 1 further comprising generating a probability of failure (or
probability of survival) for the circuit using the combined PDFs of remaining life for each of

the plurality of circuit components.

9. The method of claim 1 wherein the circuit parameter is an internal resistance

of the circuit component.

10. The method of claim 1 wherein measuring the circuit parameter for the circuit
component at the plurality of different stressors comprises measuring a plurality of circuit
parameters for the circuit component and wherein determining the PDF of remaining life as the
function of time for the circuit component comprises determining a PDF of remaining life as

the function of time for each of a plurality of circuit components.

11. The method of claim 1 wherein measuring the circuit parameter for the circuit
component at the plurality of different stressors comprises measuring a plurality of circuit
parameters for the circuit component and wherein combining the PDF of remaining life for the
circuit component with at least one additional PDF of remaining life as the function of a circuit
that contains the circuit component comprises combining the PDF of remaining life for the
circuit component with at least one additional PDF of failure for a second circuit component
as the function of a circuit that contains the circuit component and the second circuit

component.

12. The method of claim 1 wherein measuring the circuit parameter for the circuit
component at the plurality of different stressors comprises measuring a plurality of circuit
parameters for the circuit component and wherein combining the PDF of remaining life for the
circuit component with at least one additional PDF of failure as the function of a circuit that
contains the circuit component comprises combining the PDFs of remaining life for each of a
plurality of circuit components as a function of a circuit that contains the plurality of circuit

components.
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13. The method of claim 1 wherein measuring the circuit parameter for the circuit
component at the plurality of different stressors comprises measuring a plurality of circuit
parameters for the circuit component and further comprising generating a probability of failure
(or probability of survival) for the circuit using the combined PDFs of remaining life for each

of the plurality of circuit components.

14. The method of claim 1 wherein measuring the circuit parameter for the circuit
component at the plurality of different stressors comprises measuring a plurality of circuit
parameters for the circuit component and wherein the circuit parameter is an internal resistance

of the circuit component.

15. The method of claim 1 wherein the method is performed on the circuit

component while it is in service.
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