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Abstract—Mission profiles are widely used for the reliability
analysis of power converters. Typically, to assess the converter
reliability, long-term (e.g., one year) mission profiles are
adopted, and it is assumed that the profiles will be repeated in
future years. However, due to mission profile uncertainties, the
assumption can introduce considerable errors in the estimated
reliability. In this paper, the errors introduced by the above
assumption are studied in detail. Furthermore, to tackle this
challenge, the paper proposes using the Generative Adversarial
Networks (GAN) to generate unique mission profile scenarios
that capture the temporal and probabilistic properties of the
real profiles. In this regard, the effectiveness of using the GAN-
generated profiles to improve the accuracy of the estimated
reliability is demonstrated.

Keywords—Power  Electronics, reliability,  Generative
Adversarial Networks, GAN, mission profiles, power converters

I. INTRODUCTION

Nowadays, power electronic converters are used in a wide
range of grid applications — e.g., PhotoVoltaic (PV) and wind
power generation systems [1]. Due to the pivotal role of
power converters in many applications, their failures can
have many consequences. For example, in the case of
converter failure in wind and PV applications, economic
losses are inevitable due to the maintenance and the energy
not produced in the downtime. Notably, in some field studies
of failures in PV and wind applications [2], [3], power
converters are reported as one of the main sources of
unreliability. Therefore, the reliability of converters is of
importance and should be assessed properly in order to avoid
such consequences.

Using handbooks is a conventional way of reliability
assessment for power converters. For example, the reliability
assessment of a modular multilevel converter was done in [4]
based on the MIL-HDBK-217F [5]. Similarly, in [6], the
MIL-HDBK-217 is used for the reliability assessment of DC-
DC boost converters. However, the main drawback of using
this handbook for reliability assessment is ignoring the
mission profiles. In other words, a converter that is operating
in a high-loading condition is more likely to fail compared to
the one that usually works in a low-load condition. This fact
is, however, ignored when using the MIL-HDBK-217F. To
address this problem, [7] uses the FIDES guide [8] for the
reliability assessment of a PV system. Nevertheless, since
constant failure rates are calculated for devices, this approach
neglects the wear-out failures and the aging of power devices,
while it is a key contributing factor in the overall failures of
power converters [9]. As a result, the concept of model-based
and mission-profile-based reliability assessment — also
known as Stress-Strength Analysis (SSA) [10] — has attracted
much attention recently. In this regard, an optimal reliability-
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oriented design of a PV inverter was done in [11] by
employing this concept and Artificial Intelligence (AI). Also,
in [12], the lifetime of power semiconductors is predicted by
using the SSA, and the results are validated through
experimental wear-out tests.

As mentioned earlier, mission profiles are one of the main
components of the SSA. During the SSA process, typically,
long-term mission profiles (e.g., one year) are studied, and it
is assumed that the same mission profile will be repeated
exactly in future years. However, in reality, the mission
profiles that will take place in the future can be different
compared to the considered ones. Consequently, these
differences, which are caused due to the mission profile
uncertainties, will introduce errors to the estimated reliability,
which is not favorable. To tackle this challenge, this paper
proposes to generate unique and realistic mission profile
scenarios based on the existing mission profile. Also, the
number of generated mission profile scenarios must be
sufficiently large to emulate and cover most of the possible
scenarios, which may happen in the future. In other words,
generated profiles must display sufficient diversity and
variations (so that they can represent most of the scenarios
that may happen in the future) while keeping the similarities
and intrinsic features of the existing mission profiles (being
as realistic as possible).

To generate a large number of unique and realistic
profiles based on the existing profile, several techniques can
be employed. For instance, time series analysis techniques
such as Auto Regressive Moving Average (ARMA) [13] are
an option. However, these approaches are likely to overfit or
misidentify the patterns and need a large number of historical
profiles to express enough diversity in the generated profiles
[14]. Also, probabilistic methods such as Monte Carlo
Simulation (MCS) or Latin Hypercube Sampling (LHS) can
be helpful [15]. Nonetheless, these techniques often require a
large number of historical data to reconstruct the original
distribution. In addition, they cannot properly model the
temporal properties of the historical profiles [14].

Considering the above reasons, this paper utilizes the
Machine Learning (ML) concept of Generating Adversarial
Networks (GAN) [16] to perform the mission profile scenario
generation task. The GAN is a data-driven and model-free
approach, which obviates the shortcomings of using ARMA,
MCS, and LHS, and thereby being suitable for mission
profile scenario generation. Notably, the GAN incorporates
two Deep Neural Networks (DNNGs) in its architecture, which
are trained simultaneously, as will be explained in Section III.
Additionally, once the DNNs are trained according to the
existing profiles, new mission profiles can be generated fast.
This enables generating a large number of profiles to capture



enough diversity to cover all the possibilities that may be
experienced in the future. Furthermore, the generated
scenarios can be evaluated in terms of uniqueness and being
realistic by performing several tests on their Cumulative
Distribution Function (CDF), Power Spectral Density (PSD),
and temporal properties. Accordingly, by employing the
GAN, the mission profile uncertainty can be incorporated
effectively into the reliability assessment, thereby improving
its accuracy.

The rest of the paper is organized as follows. Section II
explains the steps to realize the mission-profile- and model-
based reliability assessment by using the SSA. Section III
discusses the principles of GAN and employing it for mission
profile generation. Section IV presents the results of the
generated scenarios and does the reliability assessment of a
case study PV inverter. Finally, the conclusions are drawn in
Section V.

1I. MODEL-BASED RELIABILITY ASSESSMENT

An overview of the model-based reliability assessment
procedure, considering the mission profiles of power
converters, is illustrated in Fig. 1, which will be discussed in
this section. In this regard, to assess the reliability of a
converter, several steps, i.e., electro-thermal modeling,
damage estimation, Monte Carlo Simulation (MCS), and
Reliability Block Diagram (RBD), must be taken, which are
elaborated here.

A. Electro-Thermal Modeling

Power semiconductors are one of the key sources of
failures in power converters [17]. Furthermore, temperature
and its cycling are known as the main factor in triggering
wear-out failures in power semiconductors. Therefore, in
order to estimate the converter reliability, it is necessary to
have the temperature profile of the semiconductors. In this
regard, the temperature of a power semiconductor is mainly
determined by its power losses. Notably, the power losses are
a function of the mission profiles (e.g., semiconductor’s
voltage and current profile), and they can cause large
temperature fluctuations. Hence, electro-thermal modeling is
an inseparable part of translating the mission profiles to the
temperature profile of the components. If the Insulated-Gate
Bipolar Transistor (IGBT) output characteristic can be
linearized, the relationship between the saturation voltage,
VcEsar, and the current, ic, can be written as

Versa = Vero + T dc )
where Vcgo and rcg can be obtained by curve-fitting the
voltage-current curve presented in the IGBT datasheets.
Subsequently, for an IGBT-based three-phase full-bridge
converter with the sinusoidal pulse width modulation, the
conduction and switching losses of the transistor can be
calculated as [18]

1 mcos 1 mcos
F. :(E"‘_S gD)VCEO[l +(§+ — ¢)rCEIlz 2
I Vi Ky,
BS' = f‘\w (E(m + Enff) ( ) (1 + aESW (Tj - T;ef' )) (3)
Tly Ve

where fi,, is the switching frequency, /; is the amplitude of the
fundamental component of the inverter output current, m is
the modulation index, oz, is the temperature coefficient of
the switching losses, /.1, Ve, and T are the reference values
for current, voltage, and temperature in the IGBT datasheet,
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Fig. 1. Procedure for model-based and mission profile-based
reliability assessment of power converters.

and E,, and E,y are turn-on and turn-off energy losses per
pulse.

As a result, the junction temperature of the IGBT during
the steady-state operation can be found from

T,=T,+(F.+P).) R, )
where 2Ry, is the sum of the thermal resistance in the thermal
model of the IGBT.

It is worth mentioning that for a PV inverter application,
the Solar Irradiance (SI) and ambient temperature, i.e., ST and
T,, must be translated into the inverter input power and voltage
through modeling the PV panels by either simulations or by
using the equations presented in [19].

B. Damage Calculation

Once the IGBT junction temperature profile is obtained
from the electro-thermal modeling, a counting algorithm,
e.g., the rainflow counting method, can be applied to it. As a
result, the junction temperature profile would be classified
into several classes, where for each class, the number of
occurrences, n, the range, AT}, the maximum, 7Tjuq, and the
on-time, #,,, are acquired.

Moreover, one of the widely-used lifetime models for
IGBTSs can be written as [10]

_ A B, Lo\,

Ny = AAT] eXp(ijaX +273)(1.5) 5
where Ny is the number of cycles to failure. Also, as
mentioned earlier, AT}, Tjax, and f,, are acquired from the
rainflow counting algorithm. Other parameters of the lifetime
model can be provided by the manufacturer [20] or obtained
from the temperature cycling test in the laboratory [21].
Subsequently, the accumulated damage to the IGBT can be

calculated from the Miner’s rule as
K
ni
DIGBT = ;N_ﬁ (6)

where n; and N; are the number of occurrences (from the
rainflow counting algorithm) and number of cycles to failure
(from (5)) for the i class, and K is the total number of classes.
It should be mentioned that the damage denotes the proportion
of the lifetime of the IGBT, which is consumed every year.

C. Monte Carlo Simulation

Due to the small inevitable variations during the
manufacturing process of devices, in reality, the IGBTs have
slightly different characteristics and tolerances, which
introduces uncertainties to the electro-thermal modeling.



Also, the lifetime model parameters come from a limited
number of tests on a limited number of IGBTSs, which causes
uncertainties in the model parameters. Therefore, the damage
to different IGBTs can be slightly different, which must be
taken into account. This fact is considered by performing an
MCS, where a Probability Density Function (PDF) —
typically normal distribution — is assumed for the lifetime
model and electro-thermal model parameters, rather than a
constant value. Therefore, a PDF would be obtained for the
accumulated damage Djgsr, and not only a constant value.
Finally, for a single IGBT, the PDF of time-to-failure, f{7),
can be calculated by finding the distribution of 1/Djgpr.

D. Reliability Block Diagram

When the PDF of the time-to-failure is calculated for a
single IGBT, the converter-level reliability can be obtained
by using the RBD. In the RBD of the above-mentioned
converter topology, all IGBTs are in series from the reliability
point of view. In this case, the converter-level reliability can
be calculated by

RO =[]a-]f@do). ()

where f{.) is the PDF of time-to-failure for the i IGBT
obtained based on Fig. 1, and ¢ is time. It is worth mentioning
that diodes and other components of the power converter can
be incorporated into the analysis with a similar approach if
needed. If the PDF of time-to-failure for all IGBTs are
assumed to be identical and equal to f{f), then

R(t)=(1- j f(2)dr)° .

III. APPLICATION OF THE GAN TO ADDRESS THE MISSION
PROFILE UNCERTAINTIES

In practice, due to the uncertainty of mission profiles, e.g.,
the Solar Irradiance (SI) profile, semiconductors will
experience different mission profiles and junction
temperature profiles at different years in the future. Thus, this
mission profile uncertainty must be considered when
assessing the converter reliability to avoid unrealistic results.
To tackle this challenge, this paper proposes generating a
sufficient number of mission profiles that could potentially
occur to the system in the future. Each of the generated
mission profiles must be distinct, while capturing all the
instantaneous variations and diurnal patterns existing in the
SI. In other words, the generated mission profiles must have
the same visual, statistical, and temporal properties of the
historical data. Considering all these properties and by
generating a decent number of mission profiles, it can be
ensured that most of the possible variations of junction
temperature (i.e., A7; which is the most influential factor in
the wear-out failures) are covered in the reliability
assessment. More specifically, each mission profile will
result in a different lifetime consumption, and when a large
number (considering the appropriate stopping criteria) of
realistic scenarios are considered, the mission profile
uncertainty is included in the analysis naturally. It is worth
mentioning that the generated mission profiles can be
validated by doing several tests on their Power Spectral
Density (PSD), Cumulative Distribution Function (CDF),
and other temporal and statistical properties, which will be
elaborated in the next section.

Profile
Output prediction

eal ated
Input (real or generated)
Noise Generated

Profile

Discriminator «——
Update

coefficients

Generator
Fig. 2. Overall architecture of the Generative Adversarial Networks
(GAN) and its training process.

Since this paper uses the GAN to generate realistic
mission profile scenarios, this section explains the basic
principles of the GAN and its training process. The overall
architecture of the GAN is shown in Fig. 2. In the GAN, two
DNNs are used — one for producing the nonlinear
relationships (generator) and the other for the classification
(discriminator). In fact, there is a game between the generator
and discriminator, where the generator tries to generate data
as realistic as possible, which is not distinguishable from the
real data by the discriminator. The coefficients of the
generator and discriminator DNNs are updated accordingly
during each training epoch. According to the game theory, at
the Nash equilibrium point, the generator is able to
reconstruct the distribution of real data and generate data such
that the discriminator cannot identify the difference between
them and real data [14]. As a result, the final generated data
are as realistic as possible when the equilibrium point is
achieved. From Fig. 2, the input to the generator is Gaussian
noise, which is transformed into the generated data after
passing through the DNN, aiming at reconstructing the same
statistical and temporal properties of the real data. The
generated data in addition to the real data are the inputs of the
discriminator, where the DNN tries to classify them. The
coefficients of the generator and the discriminator are
updated based on their success in their corresponding role.

This part will explain how the GAN is employed for
generating mission profiles, where the objectives and loss
functions are formulated, and the training process is
elaborated. Consider that the real data (time series) are
indexed by time such that7=1, 2, ..., T. Thus, each point can
be represented by x', where ¢ € T. Also, assume that Py is the
distribution of real data, which is unknown. In addition, z is a
noise vector input sampled from a Gaussian distribution Pz —
that is, Z ~ Pz. From a mathematical perspective, the GAN
training process aims at training the generator and
discriminator such that any random sample z drawn from Pz
follows Py. If G is the generator function whose coefficients
are 09, it can be written as G( . ; 69). Similarly, D, the
discriminator function whose coefficients are characterized
by 0% can be written as D( . ; 6P/). Given that Z is a random
variable from Pz, G( . ; ¥ ) can be called another random
variable following the distribution of Ps. The inputs to the
discriminator are real and generated samples, and its output
iS preal, which denotes to what degree the inputs belong to Py,
which can be written as

Prea = D(x;60) (8)
where x belongs to Pgue or Pz To identify Px from Pg, the
difference between E[D(X)] and E[D(G(Z))] must be
maximized. To simultaneously train the generator and
discriminator, their corresponding loss functions Ls and Lp
must be defined, and a game value function V(G, D) is



required. According to [22], the loss functions can be written
as
L; =-E,[D(G(2))] )
L, =-E,[D(X)]+E,[D(G(Z))]. (10)
where G is the generator function, D is the discriminator
function, Z is the random noise input, X is the historical data
input, and E[.] denotes the expected value operator. By using
the game value function V(G, D), the above equations can be
composed to make a two-player minimax game as [14]
minmax (G, D) = E,[D(X)]-E,[DGZ)]. 1y
9
At the beginning of the training, the data generated by the
generator G(z) is very different from Py, which results in a
small value for Lp and large values of L¢ and V(G, D). Over
the training process, the value of Ls decreases, while Lp
increases, until the optimal solution is reached and the
generated data are not distinguishable from the real data. It is
worth mentioning that the Wasserstein distance [22] is used as
a criterion to check whether the optimal solution is reached.

IV. CASE STUDY AND RESULTS

In this section, the above problem, in addition to the
proposed solution, will be studied elaborately by assessing
the reliability of a case study power converter. The schematic
of the studied power electronic system is shown in Fig. 3.
F3L25R12W1T4 B27 is selected as the IGBT module,
whose lifetime parameters, presented in Table I, can be
obtained from the data provided in [20]. The number of
series- and parallel-connected panels in each of the arrays
shown in Fig. 3 are 20 and 3, respectively, where BP365 65W
is selected as the PV panel [23]. Other system parameters are
presented in Tables II and III. It should be noted that, in this
case study, the reliability of the PV inverter considering the
IGBT failures will be studied.

An annual profile of the solar irradiance for the year 2007
at Las Vegas, NV, is presented in Fig. 4 [24]. Also, for the
same location, the solar irradiance profile for week #30 at the
years 2007, 2009, and 2014 are as shown in Fig. 5. As it can
be seen in Fig. 5, the mission profiles may vary considerably
from year to year. Therefore, the assumption that one mission
profile is repeated every year might introduce some errors to
the reliability estimation. To illustrate the errors introduced
by this assumption, reliability of the case study shown in Fig.
3 is calculated based on the yearly solar irradiance profiles of
2007, 2009, and 2014, according to the SSA method
explained in Section II. As a result, three reliability curves are
obtained based on the annual profiles, as depicted in Fig. 6.
As shown in Fig. 6, the estimated converter reliability
significantly depends on the year that is selected as a mission

Boost
converter

Inverter

PV arrays LCL filter Grid

T L

Fig. 3. Schematics of a double-stage PV system for the case study, including,
the PV arrays, boost converter, PV inverter, LCL filter, and grid model.

TABLE I. PARAMETERS OF THE IGBT MODULE LIFETIME MODEL
GIVEN IN (5)

Lifetime parameter Value
A 8.3255x 10"
b -7.01
B> 2553
Ps -0.3

TABLE II. INVERTER PARAMETERS FOR THE SYSTEM SHOWN IN FIG. 3

Parameter Value
Vie 800 (V)
Sow 2500 (Hz)
Ly 3.5 (mH)
Ly 0.5 (mH)
< 22 (uF)

TABLE III. GRID PARAMETERS FOR THE SYSTEM SHOWN IN FIG. 3

Parameter Value
Vg 230 (V)
fe 50 (Hz)
R, 0.5 ()
L, 1 (mH)

profile. For instance, if the mission profile of 2007 was
selected, the B lifetime is roughly 22 years for the converter,
whereas selecting the profile of 2009 would lead to an
estimation of approximately 12 years for the B lifetime.

A similar analysis was performed on the case study
considering 14 different mission profiles from 2007 to 2020,
where the annual damage to the IGBT was calculated from
(6). The annual damage to the IGBTs is presented in Fig. 7,
where it can be seen that the stress of the IGBTs varies from
year to year, and accordingly, the annual damage can vary
significantly. For instance, the annual damage in the year
2007 is 45% smaller than that of year 2009. Thus, these
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Fig. 4. Annual solar irradiance profile of Las Vegas, NV in 2007 [24].
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results suggest that the mission profile uncertainties can lead
to significant errors in the reliability estimation if it is not
taken into account.

To model these uncertainties, several mission profile
scenarios are generated by using the GAN, as explained in
Section III, where 150 mission profiles were generated by
training it. A week of the generated profiles is illustrated
together with the real profiles in Fig. 8. As it can be seen in
Fig. 8, while they are unique and distinct, the generated

1400 y
—2007 profile —GAN-generated proﬁle‘
<1200
£
£ 1000
(0]
é 800 ’f ]
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Fig. 8. Comparison of the time series of the real and generated profiles
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Fig. 9. Average solar irradiance in different months — a comparison
between the historical and generated profiles using the GAN.

profiles resemble the real profiles to a great extent, such that
they are not distinguishable visually.

To further study the generated profiles, the average solar
irradiance of the generated profiles in different months of a
year is calculated and compared to that of the real profiles, as
shown in Fig. 9. From Fig. 9, it can be seen that the values of
the real and generated profiles match well in all months,
indicating a good agreement between the temporal and
probabilistic properties of the real and generated profiles.

In addition, the CDFs of the daytime solar irradiance in
July and December are extracted based on both the real and
generated profiles. The extracted CDFs are shown in Fig. 10,
where the CDF of the generated profiles follows the CDF of
the real profiles. This match suggests that, although the
generated profiles are unique and different, they preserve the
main statistical and temporal properties of the real profiles.

Moreover, the PSD of the generated and real profiles are
extracted and plotted in Fig. 11. Notably, the PSD calculates
the spectral power distribution that is present in each
frequency band (appropriate for comparing the temporal
properties). Therefore, the match between the PSD of real and
generated profiles shows that the generated profiles also
capture the temporal properties of the real profiles.

Based on the results presented in Fig. 7, the average
annual damage to each IGBT from 2007 to 2020 is 0.53.
However, if the reliability assessment was done only based
on the mission profile of 2007, the annual damage would be
0.40, which indicates a 25% error. Nevertheless, when the
reliability assessment is done based on the 150 GAN-
generated mission profiles, the average annual damage will
be 0.54, which matches 0.53 extracted before based on the
real profiles from 2007 to 2020. In addition, the reliability
curve of the inverter is extracted based on the 2007-2020
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(b)
Fig. 10. CDF (Cumulative Distribution Function) of the daytime solar
irradiance from the generated and historical profiles: (a) July and (b)
December.
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Fig. 12. Comparison of the estimated reliability from GAN-
generated profiles and historical profiles.

where the results are shown in Fig. 12. As presented in Fig.
12, the curve extracted based on only the profile of 2007 does
not follow the real value accurately, thereby introducing
errors. In contrast, the reliability curves from the GAN-
generated profiles as well as the 2007-2020 profiles match
well, which confirms the effectiveness of using the GAN-
generated profiles in reducing the sensitivity of the estimated
reliability to the mission profile uncertainties, and thereby
improving the accuracy of reliability assessment.

V. CONCLUSION

In the model-based reliability assessment methodology,
the mission profiles play a key role. Typically, for the
reliability assessment of converters, one year of mission
profile is selected, and it is assumed that the same profile will
be repeated in future years. However, due to the mission
profile uncertainties, this assumption can introduce errors to
the estimated reliability. The impact of mission profile
uncertainties on the accuracy of the estimated reliability and
damage was studied in this paper. It was shown that the
damage of different years can be different — for example the
damage in 2007 was 45% smaller than that of 2009.
Additionally, the By lifetime estimated based on the 2007
profile was 10 years larger than that resulted from the 2009
profile. To consider these uncertainties, this paper proposed
using Generative Adversarial Networks (GAN) to generate
unique mission profile scenarios that have the temporal and
probabilistic properties of the real profiles. In this regard, 150
mission profiles were generated by using the GAN. The
generated profiles were compared with real profiles in terms
of Cumulative Distribution Functions (CDFs), Power Spectral
Densities (PSDs) and monthly average, where a good match
was found between them. Subsequently, the reliability of a
case study was assessed based on the 150 generated profiles
as well as the real profiles from 2007-2020. As a result, the

average annual damage from the generated profiles was 0.54,
while this value was 0.53 for the profiles from 2007-2020.
When only the mission profile of 2007 was used, the annual
damage of 0.40 was obtained, which shows a 25% error
compared to the results based on 2007-2020. Also, the
reliability curves of the generated profiles matched the one
obtained from 2007-2020 profiles. Therefore, using the GAN
could assist the accuracy of the estimated reliability by
considering the uncertainties of mission profiles over years.
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