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1 | INTRODUCTION

Knowing the time period photovoltaic (PV) modules and systems will
last, or the remaining useful lifetime (RUL) for operational systems, is
of great importance for making good financial decisions as well as
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Abstract

The ever-growing secondary market of photovoltaic (PV) systems (i.e., the transaction
of solar plants ownership) calls for reliable and high-quality long-term PV degradation
forecasts to mitigate the financial risks. However, when long-term PV performance
degradation forecasts are required after a short time with limited degradation history,
the existing physical and data-driven methods often provide unrealistic degradation
scenarios. Therefore, we present a new data-driven method to forecast PV lifetime
after a small performance degradation of only 3%. To achieve an accurate and reliable
forecast, the developed method addresses the fundamental challenges that usually
affect long-term degradation evaluation such as data treatment, choosing a good deg-
radation model, and understanding the different degradation patterns. In the paper,
we propose and describe an algorithm for degradation trend evaluation, a new con-
cept of multiple “time- and degradation pattern-dependent” degradation factors. The
proposed method has been calibrated and validated using different PV modules and
systems data of 5 to 35 years of field exposure. The model has been benchmarked
against existing statistical models evaluating 11 experimental PV systems with differ-
ent technologies. The key advantage of our model over statistical ones is the ability
to perform more reliable forecasts with limited degradation history. With an average
relative uncertainty of 7.0%, our model is outstanding in consistency for different
forecasting time horizons. Moreover, the model is applicable to all PV technologies.
The proposed method will aid in making reliable financial decisions and also in ade-

quately planning operation and maintenance activities.
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planning operation and maintenance activities on PV systems. Despite
its importance, it is still a challenge to accurately determine how long
a PV module or system will last in real-life operation. Indeed, the life-
time of a PV module or system is influenced by multiple factors such

as the local climate, technology, bill of materials and varying
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manufacturing, as well as installation quality. In order to accurately
determine the lifetime of a PV module or system, it would require
monitoring the evolution of power in real-life operation. However,
this might require waiting for a significant amount of time. To answer
these constraints and needs, mathematical models are utilized to
determine the lifetime of PV modules and systems in shorter periods.
On one hand, physical models are used to predict the lifetime of
PV modules based on degradation rates evaluated using local climatic

23 or based on degradation rates reported from literature.*

stresses
Physical models, especially those based on local climatic stresses, are
very helpful to understand the correlation of the predicted perfor-
mance degradation to different climatic variables. They also aid in ana-
lyzing the dominating degradation mechanisms based on local climatic
conditions and can be used to map global degradation risk areas, as
recently reported in our study.’ The main challenges of such models
are their associated uncertainties and generalizations. The uncer-
tainties could originate from input climatic data, calibration data,
model assumptions, and simplifications, which highly effect the pre-
diction accuracy. Currently, there is no standardized way to calculate
degradation rates for PV systems. That is why reported values of deg-
radation rates show variations depending on the chosen model and
executing research group.® The inconsistency between methods and
analysts increases the uncertainties in degradation rates evaluation
and hence lifetime prediction based on reported values. Moreover,
the aforementioned models cannot be easily generalized. They are
usually limited to specific module technologies and bills of materials
(BOMs). The model parameters need to be re-extracted whenever the
modules' BOMs change. The uncertainties associated with technology
and geography-specific degradation rates make it difficult to calculate
the levelized cost of energy and thus the economic viability of solar
energy (Sun et al.”).

On the other hand, data-driven techniques that utilize monitored
operational data related to system's performance are used in many
fields, for example, in the aircraft industry&9 to forecast the future
trend or the RUL. They are normally applied to complex systems,
where developing a physical model could be more complex and
expensive. Data-driven techniques can be divided into two categories:
statistical techniques (regression methods, autoregressive moving
average (ARMA) models, etc.) and artificial intelligence (Al) techniques
(neural networks (NNs), fuzzy systems (FSs), etc.).°

For PV applications, a few authors have proposed data-driven
prognosis models to evaluate the RUL of PV modules. For example,
Laayouj et al.* proposed a smart prognostic method for PV module
health degradation and RUL prediction. The model is based on two
approaches: the online diagnosis and the data-driven prognosis. Also,
Sheng et al.'? proposed an ARMA model-filtered hidden Markov
model to predict the residual life for complex systems with multiphase
degradation. They applied the model to predict the residual life of a
specific PV module system. Although both methods are reported to
provide good predictions, the main drawback of these methods is that
their performances are not rigorously validated or analyzed with dif-
ferent degradation datasets. Both methods are calibrated, validated,

and applied based on a single PV module or system dataset.

Moreover, for the latter, the methodology was applied to simulated
performance measurements for its reliability evaluation and residual
life prediction. PV modules can exhibit different degradation
scenarios,*® especially due to different technologies, different failure
modes, as well as different operating local climates. Therefore, it is
very unlikely that a model calibrated and validated on a single dataset
can be generalized to be applicable to other degradation scenarios. In
this regard, we propose a model based on a rigorous analysis of degra-
dation data of several PV modules as well as systems of different
technologies and installed in different locations. Hence, the proposed
model is aimed to be generalized to the different degradation scenar-
jos. Rizzo et al.'* proposed another algorithm for lifetime extrapola-
tion, prediction, and estimation. However, their algorithm is intended
only for emerging PV technologies and for shorter time forecasts.

Generally, in spite of the recognized potential of empirical data-
driven techniques for time series forecast, limitations still exist for
their application in long-term PV degradation evaluation. Different
factors such as outliers in the dataset, seasonal variations, and many
other reducing factors (e.g., soiling) should be separated from long-
term non-reversible degradation. The lack of a systematic and flexible
approach to select parameters of these techniques and their black box
character limit the understanding and control of their performance.
We address this issue by proposing a systematic and flexible approach
with adjustable model parameters to evaluate the degradation trend
based on the nature of the dataset under evaluation. The proposed
method aims to evaluate the irreversible long-term degradation of PV
modules and systems. To achieve this, we propose an iterative algo-
rithm for degradation trends evaluation that allows to separate sea-
sonal variations and other reversible performance reducing effects
from irreversible degradation.

Another drawback of the available data-driven techniques is their
accuracy when long-term predictions are required after a short time
interval and with limited data points. For example, Taylor and
Letham®® performed a comparison of the forecasting accuracy of dif-
ferent statistical models at different time horizons. In their study, most
models displayed large uncertainties when applied after shorter time
intervals. Indeed, the available techniques are based on fitting the
available systems degradation data using regression models and then
applying a simple extrapolation to forecast the lifetime. However, in
practice, the system's degradation history available may be short and
incomplete, and a simple extrapolation could lead to large uncer-
tainties, hence degrading the reliability of the forecasts. To address
this challenge, the proposed model is aimed at improving the long-
term forecasting accuracy using a small degradation history and few
data points. To achieve this, we propose a new concept using time-
dependent degradation factors for degradation extrapolation instead
of using a simple extrapolation for lifetime forecast. To further
improve the accuracy and generalize the model, the concept of multi-
ple degradation factor models, dependent on degradation patterns, is
proposed.

The structure of the paper is as follows: in Section 2, the failure
time (FT) and the RUL are defined, as well as the proposed modeling
approach. While developing a model or an algorithm for lifetime
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forecast, the treatment of data is of very high importance to avoid an
erroneous lifetime forecasts. Therefore, a significant part in this
section is dedicated to data treatment, namely, data filtering, data
decomposition, and degradation trend evaluation. As mentioned, it is
a fundamental step while developing a model to avoid an erroneous
lifetime forecast. The experimental data and methods used in the sta-
tistical error analysis are explained as well. In Section 3, the results of
the time and degradation pattern model are evaluated. Furthermore,
model calibration and validation procedures are presented. Finally, the
comparisons of the proposed model with statistical ones as well as its
limits, uncertainties, and the prospects of the study are discussed.
Finally, the study conclusions are discussed in Section 4.

2 | PROPOSED PV DEGRADATION
FORECAST MODEL

2.1 | FT and RUL definitions

Chen Xiongzi et al.1° defined the RUL of a system or a component as
the length from the current time (CT) to the end of its useful life. The
question is how to define the “useful life.” In this study, the useful life
is defined as the non-reversible performance loss, such that the mod-
ule or system power decreases by 20% of the “maximum stable
power” measured in the field. The notion of a maximum stable power
is introduced to separate long-term degradation from early stage deg-
radation events such as light-induced degradation (LID) for p-type
crystalline silicon modules'® or light- and elevated temperature-
induced degradation for multicrystalline silicon and passivated emitter
and rear cell (PERC)**Y” modules. It also helps to separate other
reversible effects reducing module performance such as soiling'® and
seasonal variations.’® Moreover, due to these effects and variation of
the outdoor conditions, the power printed on the PV module label
substantially deviates from the initial PV module power outdoors.
From our point of view, the maximum stable power can be easily com-
pared among systems and is describing the system performance well,

which is not necessarily the case for the nominal power. The nominal
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power of a PV module/system may deviate substantially from the real
power because it is recorded under standard test conditions (STCs).
These well-defined conditions of 1000 W/m? and 25° C are almost
never prevalent as shown in the histogram in Figure 1B.

In this study, we therefore define the FT as a reduction in the
module or system performance by 20% of the maximum stable power
(indicated by the green dotted line in Figure 1). The 20% loss is purely
arbitrary, and it is used in this case because of its consistence with the
warranties given by manufacturers. It might be interesting to predict
the module or system performance for its entire lifetime (until the
module stops working); however, such a prediction could be more
unreliable and unrealistic because certain future events are
unpredictable. Moreover, the longer a module stays in the field, the
more sensitive it becomes to different degradation modes. That might
lead to a dramatic increase in the degradation rate, which cannot be
easily modeled. According to FT definition, the RUL is the length
between the CT to the FT and can be expressed as

RUL=FT-CT.

2.2 | Power degradation model

Usually, a linear-shaped power loss model with a constant degradation
rate throughout the module lifetime is assumed for degradation analy-
sis and lifetime predictions. However, as reported by Jordan et al.?°
non-linearity of power loss is usually observed in the field depending
on the module technology and degradation pattern. In their study, the
effect of different degradation curves, observed (approximately) in
field performance, on the levelized cost of energy (LCOE) was quanti-

fied using Monte Carlo simulation. Kéntges et al.®

also reported that
the loss in power can take different shapes, for example, exponential-
shaped, linear-shaped, step degradation, and saturating power loss
over time. In our previous study,® a simplified non-linear power degra-
dation function was proposed. This degradation function is selected
because of its ability to fit various degradation shapes (DSs) by vary-

ing the shape parameter p as shown in Figure 2A (shapes 1-7
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FIGURE 1 A lllustration of the stable power (red line) used in this study. The green doted line is “maximum stable power” (reference power)
and the green dotted is the failure time threshold. B, Histogram of the data distribution throughout the 8.5 years. Power has been normalized to
the maximum value of the degradation trend [Colour figure can be viewed at wileyonlinelibrary.com]
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FIGURE 2 A, Optimization of power degradation shapes by altering the shape parameter p. B, Relative energy yield corresponding to
different values of u [Colour figure can be viewed at wileyonlinelibrary.com]

corresponding to different values of y= 0.2, 0.3, 0.4, 0.5, 0.6, 0.8, and
1.0, respectively). Moreover, the energy yield could highly depend on
the DS even for the same FT as shown in Figure 2B. In this study, the

function has been adopted with some modification. It is therefore

@)

where Pyom is the maximum power of the degradation trend and

rewritten as

ke is the degradation factor [a™!] at calibration. In this case, the
degradation factor is preferred for use instead of the degradation

rate because of non-linearity and a non-constant degradation.

221 |
models

“Time- and degradation pattern-dependent”

When evaluating performance degradation of systems with multi-
dimensional degradation modes such as a PV system, it is unlikely that
a single model holds throughout. On one hand, we assume that differ-
ent degradation modes and other influencing factors, such as PV mod-
ule manufacturing defects or defects due to transportation and
installation, might cause differences in degradation patterns even for
the same BOM and operating conditions. This means that it is unlikely
that a single model can represent all expected failure patterns. On the
other hand, we assume that some degradation modes might be trig-
gered by other degradation modes and might appear at certain stages
of a module's lifetime. This means that using a constant degradation
rate extracted at a given stage of PV operation to represent the entire
lifetime could affect the forecast accuracy. Taking the aforementioned
assumptions into consideration, we propose different degradation fac-
tor models dependent on time and degradation pattern. The degrada-

tion factor models are expressed as

k1 = kca, (1 +A1 .kca,.ln <Ai-P> .T)il .7,')2(1 ‘pzl .t> (3)

TABLE 1 Definition of coefficients and parameters
Coefficients and parameters Definitions
teal Time at calibration threshold
Peal Power at t.q

Standard deviation of
calibrated data

1=/ max(tcal) .
72=|InAt|=|In(tca—tea-1)l -
r=in(szz) ‘

Aq [year=2'?), A, [year /%] and A3 Proportionality constants
lyear—/?]

SDp,

cal

Y1, 21 and xq Optimization parameters

1
ko =Keal <1 +Az.kear- <a> ~p21 ~t> (4)

1 1
k3 =keal (1 +Az.kegIn (E) . (E) .’[;1 .pz1 .t> . (5)
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FIGURE 3 lllustration of the different degradation pattern
parameters extracted during calibration and the remaining useful
lifetime (RUL) [Colour figure can be viewed at wileyonlinelibrary.com]
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The model coefficients and parameters are defined in Table 1. It
should be noted that these models are purely empirical without any
physical implication; they are derived from degradation pattern param-
eters shown in Figure 3, as they describe well the specific degradation
patterns. It is also important to note that the model parameters are
extracted after an initial 3% performance degradation threshold. The
3% optimization threshold is calculated from the degradation trend
that excludes early degradation effects. The reasoning for using a 3%

threshold is further described and demonstrated in Section 3.

2.3 | Modeling approach
The proposed model has three main steps: data treatment, model cali-
bration, as well as FT and RUL evaluation. These are further divided

into seven substeps (see Figure 4).

2.3.1 | Datafiltering

The first filter applied to the input dataset is an irradiance filter. The
upper limit for irradiance was set and fixed at 1200 W/m?, and the
lower limit was chosen flexible between 600-900 W/m?, depending
on the location under evaluation. This clear sky filter is used as a way
to separate low performances due to low irradiance from degradation
and also due to its consistence in degradation analysis based on our
previous work,?* where different filters are compared. The filtered
power is then corrected to STC of irradiance by applying a linear cor-
rection of power to 1000 W/m? irradiance. The second step is per-
formed to remove outliers. Because of the stochastic behavior of
outdoor conditions and anomalies in the measuring equipment, data
measured from outdoor PV modules and systems are usually subject
to outliers. When not treated well, outliers might lead to large uncer-

tainties, especially in degradation trend evaluation. The outliers are

7

removed by computing the standard deviation (SD) around the mean
value of the entire dataset, whereby all points that are out of the
range of (mean £2x SD) are eliminated. For LID or LeTID sensitive sys-
tems, it is a crucial step to analyze the degradation pattern during the
first year of operation. These degradation modes are characterized by
strong non-linear trends in the initial phase, which might either stabi-
lize gradually or undergo a regeneration phase.?®!” If a regeneration
phase is detected, we recommend to eliminate the data until the

onset of this phase.

2.3.2 | Datadecomposition

Time series data are characterized by four major components: level,
trend, seasonality, and noise. There are two models that are used to
model the effects of these components: additive (linear) and multipli-
cative (non-linear).?? In our case, a multiplicative model is used. The
model suggests that the components are multiplied together as
follows:

y(t) = Level x Trend x Seasondlity x Noise (6)

This function is implemented and available for free use in Python.
“The function uses a moving average (MA) method to extract a degra-
dation trend in the time series data. The averaging depends on the
required resolution (weekly, monthly, or yearly) of one's interest, and
it determines the extracted degradation trend in this case.

In outdoor conditions, seasonal and other different effects can
reduce the performance of a PV module or system. For non-reversible
performance degradation evaluation, it is crucial to choose a good

*librarylinkhttp://www.statsmodels.org/dev/modules/statsmodels/tsa/seasonal.html
\#seasonal_decompose
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averaging temporal interval that eliminates seasonality and other
reversible effects. It has been reported that reversible effects, such as
inverter failures and soiling of PV modules, have a higher impact on
performance loss rates than the actual performance degradation,
which is non-reversible.?® These effects could be module technology

dependent, for example, Virtuani et al.>*

reported that amorphous sili-
con (a-Si) systems are more affected by variations in the incident
spectrum than crystalline silicon (c-Si) systems because of their
narrower spectral sensitivity. Therefore, it is important to separate
these performance reducing effects from long-term degradation by
choosing a good averaging temporal interval. The selection of a good
temporal interval could be very tedious if one has to do it manually.
An iterative algorithm has been implemented to assist in determining
a proper interval for degradation trend evaluation depending on the

dataset being evaluated.

233 |
evaluation

Iterative algorithm for degradation trend

One way to completely remove any variation in the degradation trend
will be to apply a strict constraint, which removes the difference
between each nth and (n+1)th value of the trend that is greater or
equal to zero, that is, trend[n—(n+1)] = 0. However, according to the
stochastic behavior of outdoor conditions, outdoor measurements
usually contain unavoidable outliers that can appear even after apply-
ing certain filters. This implies that applying such a strict condition to
outdoor dataset is quite unrealistic; in most cases, this condition is not
fulfilled or might require a considerable amount of computation time
to converge depending on the nature of the dataset. Therefore, a tol-
erance (tol) is introduced and the condition is applied as

max(dn) —min(dn)

trend { min(dn)

} <toll, for: dn=n—(n+1). (7)

The process begins by initializing the temporal interval as 2% of
the total length of the time series (the 2% is used in this study, but it
is adjustable depending on the distribution of the data under evalua-
tion). Afterwards, the iterative loop is repeated until the condition in
Equation (7) is fulfilled. The tol depends on the nature of the dataset
under investigation, for example, it can be correlated with the resolu-
tion of the data or the magnitude of outliers in the datasets. This
makes the process of temporal interval selection a quasi-automated
process. By analyzing a number of datasets, a range of tol values can
be set, granting the flexibility for application on broad datasets of dif-

ferent distributions.

24 | Experimental part
Different datasets for PV modules and systems that have been
exposed for quite a long period of time with considerable degradation

were used in this study. The datasets are from three different sources.

24.1 | Ticino SOlare modules

The first set of data are those of the Tlcino SOlare (TISO)-10-kW PV
plant in Lugano (Switzerland).?>2?% The TISO-10 PV system has been
connected to the grid since 1982 and is the oldest installation of this
kind in Europe (we shall refer to them as “TISO modules” hereafter).
The performance (i.e., current-voltage curves) of 18 selected refer-
ence modules was measured at regular intervals between 1982 and
2017. After 35 years in the field, these modules show a degradation
rate ranging from -0.2% to -0.7% per year considering a #3% mea-
surement uncertainty. In this study, 10 of the 18 modules with a con-
siderable degradation have been used in module calibration and
validation stages.

24.2 | Bolzano systems

Another source of data is a PV plant installed at the airport of
Bolzano/Italy (position ~46.46N, 11.33E, elevation: 262 m), which
includes 11 experimental PV systems, which are in operation for
8.5 years during the time period from 01 February 2011 until 31 July
2019. They are referred to as "Bolzano systems." Most major PV sys-
tem technologies are included, namely, one- and three-junction amor-
phous silicon (a-Si), cadmium telluride (CdTe), copper indium gallium
selenide (CIGS), silicon solar cells made out of a heterojunction with
an intrinsic thin layer (HIT), monocrystalline silicon (mc-Si), polycrystal-
line silicon (pc-Si), and polycrystalline silicon string ribbon (ribbon). All
systems are part of one experimental PV plant; they are ground
mounted with an orientation of 8.5° southwest and a fixed tilt of 30°.
The installed nominal power for the systems range from 1 to 4 kWp
per individual installation. According to a new PV sensitive climate
classification, proposed by Ascencio-Vizquez et al.?’ the climate in
Bolzano is categorized as a temperature climate with medium irradia-
tion. The irradiance is measured with a Kipp & Zonen CMP11
pyranometer. Calibrations are performed in regular intervals, and the
measurement uncertainty is between 2% and 4%. Additionally, climate
data were taken from a ground-based meteo-station installed in close

proximity to the test side.

243 | Desert Knowledge Australia systems

Finally, data from the Desert Knowledge Australia Solar Centre
(DKA Solar Centre),® named hereafter as "DKA systems," are used.
TThe datasets used in this study are given as monthly yield in kWh
of three different systems; Kyocera-5.4kW-Poly-Si Dual (2008), eco-
Kinetics-26.5kW-mono-Si-Dual (2010), and Trina-23.4kw-mono-dual
(2009). For the first system (Kyocera), data from 01 January 2009
to 01 December 2018 were used in the analysis; for the eco-
Kinetics system, data from 01 January 2011 to 01 December 2018;

The data can be downloaded through https://dkasolarcentre.com.au/locations/alice-
springs/graphs?sources=91
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and for the Trina system, data from 01 January 2014 to 01 June
2019 were used. More information about these systems and
datasets are available on the DKA Solar Centre website. It should
be noted that the data plotted here have been normalized to the
maximum power and were subject to the outlier filters described in
the previous section.

2.5 | Statistical errors analysis

The error measurement employed for the performance evaluation of
the proposed forecasting method is the root mean square error
(RMSE). Given a measured (m) and a predicted (p) value for a given

quantity and number of observations (n), the RMSE is expressed as

> pi—mi)?

n

(8)

The metric deployed to compare the performance of the pro-
posed method with other methods is the relative difference. This is a
relative comparison of the FT forecasted after a 3% interval and on

the full dataset. It is expressed as

|FT3%—FT funl

Rel = ,
Et ™ max([FTan or[FT )

9)

where Relg is the relative difference and FT3y and FTgy, are the FT
evaluated after a 3% degradation and using the entire dataset,

respectively.

3 | RESULTS
3.1 | Time- and degradation pattern-dependent
degradation factors and 3% threshold

The power degradation function (Equation 2) was calibrated at
different performance degradation intervals (at P = -1%, P = -2%, and

P = -3%). At each interval, extrapolation with a constant degradation
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factor (k.q) was performed and FT was evaluated on two of the TISO

modules, namely, TEAS5 and TEA, as shown in Figure 5.

It is clearly visible that although the model fits the data very
well at all calibration intervals, the evaluated FT is very different at
each calibration interval. This effect is observed for both TEA5 and
TEA6 modules. This result demonstrates three aspects: one, a per-
fectly fitting model does not guarantee better forecast or prediction;
two, a model that assumes a constant degradation factor/rate is not
appropriate for long-term PV performance degradation forecast; and
three, the model forecast accuracy might highly depend on a
specific degradation pattern. This effect is visible in the two
modules, for example, high discrepancies are visible for the TEA6
module compared with TEA5 module even at similar calibration
intervals. Therefore, based on these three observations, the concept
of time- and degradation pattern-dependent degradation factor was
introduced.

It is also clear that the forecasting accuracy improves as the cal-
ibration interval or performance degradation increases, which seems
like an obvious observation. However, because the objective is to
perform the prediction at the early stages of the module's operation,
a 3% threshold was selected. This threshold was found optimal
because it provided good forecasts compared with values less than
3% loss. Moreover, another reason is that in situations where the
degradation trend is not monotonically decreasing as in many out-
door datasets, using performance degradation of less than 3% might
lead to misinterpretation of degradation with seasonal variation or
other performance, reducing factors that are reversible. For exam-
ple, the TEA5 module in Figure 5 shows that prediction after only
1% performance degradation resulted in underestimations compared
with the measured degradation trend, which is attributed to the var-
iations in the degradation trend due to reversible effects.

3.2 | Model calibration

The power degradation model (Equation 2) is fitted on measured
datasets until 3% loss threshold to extract the model parameters k.
and u. At the same time, the degradation pattern parameters AP, At,

and t., are evaluated. To extract the optimization parameters (x4, y1,

1.00 -
0.95
0.90
0.85
real data

0.80 === Degradation trend

= = Forecast at P = -1%)
0.75 — = ForecastatP = -2%)

== Forecast at P = -3%)
0'700 10 20 30 40 50

Time [years]

Fit and remaining useful lifetime prediction at different percentage power losses of two Tlcino SOlare modules, namely, TEAS and

TEAG. The dotted lines represent forecasts at the three calibration intervals [Colour figure can be viewed at wileyonlinelibrary.com]
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TABLE 2

Logical conditions Model
C1:4<035&AP2>1.0e-4 &teq=<5 koc,
Co i < 045 & AP < 1.0e—4 & kg < 0.009 Kac,
C3:kegr < 0.013 & AP < 9.5e—6 & pu 2 0.43 kac,
Cy i ke 2 0.01 & AP < 5.0e—5 or u 2 0.75 koc, = Keal
Cs:p <045 &keg < 9.0e-4 K1cs
Co:pu<03&AP=20.01 ke,
C7:u2045& AP 20.01 k1c,
Cs:p 2045 &keq 2 0.01 K1cy
Co:p 2 0.55 & kg < 0.005 k1,
Cio: 4 < 0.4 & AP < 0.01 & kg < 0.005 K1cyo
C44 : If none of the logical condition are true: kicy,

Logical conditions for model selection and the corresponding extracted optimization model parameters

Parameter (y4) Parameter (x4) Parameter (z4)

- - 35
= 0.1 1.0
- 0.1 0.5
20 1.0 1.0
1.0 0.1 1.0
1.0 1.5 1.0
1.0 0.1 1.0
- 4.0 1.0
= 4.5 1.0
0.0 25 1.0

Note. C refers to condition, and the subscripts 1-11 are the number and order of the logical conditions as used in the simulation. kj., means calibrate deg-
radation factor model j given condition i. x4, y1, and z, are the extracted parameters.

and z,), the power degradation model is fitted on the extended degra-
dation trend from 3% loss using the degradation factor models (k, k>,
and ks). The proportionality constants (A;, Ay, and Aj3) are all set to
one. The extracted power model and degradation pattern parameters
are used as the basis to set logical conditions to select which degrada-
tion factor model represents a given degradation pattern better. Over
10 logical conditions were created to represent the different degrada-
tion patterns as presented in Table 2. These conditions were opti-
mized based on a total of seven TISO modules and two DKA systems.
From these modules and systems, different failure patterns were
extracted by altering the tol (which changes the degradation trend).
Figure 6 shows an example of one of the TISO modules (TEA1) with
annual measurements for 35 years and one of the DKA systems
(Kyocera system) with monthly average values for 9 years, used for
model calibration. It should be noted that despite the strong degrada-
tion and huge variations in the data points observed for the DKA sys-
tems, they are selected for the calibration process because the
objective of the proposed methodology is to be applicable on a wide
set of data distribution.

Figure 7A shows the degradation trends of the seven TISO
modules used in this study during model calibration. Because an MA
smoothening?® is used to extract the degradation trends, the
extracted trends have missing values at the beginning and at the
end, because there are no observations on either side. The window
of the MA determines the missing values as well as the smoothness
of the extracted trend. Generally, the larger the window, the
smoother the trend. Figure 7B shows the corresponding change of
the degradation factors over time for the seven modules.

It is clearly visible that the rate of degradation factor variation
is dependent on the degradation patterns. This is evident for TEA1
module, which displays a strong degradation but with a low rate
of change of the degradation factor over time. Furthermore, for
some degradation patterns like the one of TEA10, a constant
degradation factor (k=k.,) was sufficient to evaluate the long-term

degradation. Hence, for such a degradation pattern, it is enough to

forecast the lifetime by using only the simplified power degradation
model (e.g., Equation 2).

3.3 | Validation

The most important and challenging part of all predictive models is
the validation process of the models, which usually requires different
sets of measured data than the ones used in the calibration process.
In this study, PV modules and systems with a considerable perfor-
mance degradation were used to validate the performance of the
model. At this stage, the raw data are entered in the developed script
and the substeps 1 to 7 of Figure 4 are automatically executed. In
Figure 8, an elaborative flowchart of steps 6 to 7 is presented. The
outcomes are the FT and RUL, as well as a figure. An example is
shown in Figure 9 for a Trina and a CIGS system. By comparing the
measured trend line and the prediction line, the accuracy of the model

was verified.

3.4 | Model application and comparison with
ARIMA and Facebook prophet models

The performance of the proposed method is benchmarked against
those of two statistical forecasting methods, namely, autoregressive
integrated moving average (ARIMA) and Facebook prophet (FP). The
reasons for selecting these methods are based on a study by Taylor
and Letham,'®> where the performance of the different statistical
models in long-term forecast was compared. In their study, FP was
found to be outstanding in comparison with other models. The ARIMA
model was characterized with the highest uncertainties. We selected
the best and the least performing models to compare the accuracy of
the proposed model and to investigate whether the nature of the data
under evaluation could affect the models' performance. Moreover,

both methodologies are simple to apply and commonly used in
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FIGURE 8 Flowchart illustrating the selection of degradation
factor model and power extrapolation steps . k(t) =k, is the
calibrated time-dependent degradation factor model je[1,...,3] given
condition Cicpa,..10;- This figure is an elaborative part of steps 6 and
7 of Figure 4 [Colour figure can be viewed at wileyonlinelibrary.com]

different fields. For example, the FP algorithm is implemented in com-
mon programming languages such as Python and R. ¥ The methodol-
ogy was created as a flexible time series model that is configurable by
non-experts. It is based on a decomposable time series model includ-
ing trend, seasonality, holidays (not important for our application), and
an error term. The model gives the opportunity to choose linear and
logistic time series evolution, the second being suited for the non-
linear behavior of PV performance. Furthermore, among the seasonal-
ity settings for different time resolutions, yearly seasonality was
selected to detect yearly variations in power production due to the
seasons of a year. The ARIMA model has free online packages.**% In
this study, an auto-ARIMA function that uses the Akaike information
criterion (AIC) to get the optimal model was used.

*#The code can be accessed at https://facebook.github.io/prophet/
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The performance evaluation is carried out using the 11 Bolzano
system datasets. The comparison of the three models is twofold: first,
the models are compared on the lifetime forecast after a small perfor-
mance degradation interval and second, on the consistency of the
forecast at two different forecasting intervals. In the first attempt, the
same system input data (normalized and STC irradiance corrected
power time series with 3% performance degradation as training data)
were tested on ARIMA and FP models. Unfortunately, no meaningful

predictions were achieved because the number of calculated change

Instead, the monthly performance ratio (PR) was used as the input
parameter. The PR sets the actual yield of a PV system in relation with
the expected yield at STC conditions.*2 For model comparison, the
models are calibrated at two different intervals: first , at an interval
corresponding to the 3% performance degradation and second, using
the entire datasets corresponding to the 8.5-year interval. The respec-
tive lifetime and RUL forecasts are shown in Table 3.

Considering a 3% calibration threshold, it is clear that there are

high discrepancies in the FT forecast among the three models. It is

points is greater than the number of observations in the dataset. also observed that the FTs are either overestimated or
TABLE 3 Comparision of ARIMA, Facebook prophet, and the proposed model at two prediction intervals
System HIT1 mc-Sil mc-Si2 pcl pc2 pc3 1j 3j ribbon1 CdTel CIGS1
ARIMA
FT3q (years) 19.5 NA 16.8 9.1 12.2 16.0 15.3 NA 12.2 14.4 NA
RULgzy (years) 11.0 NA 8.3 0.6 3.8 7.5 6.8 NA 5.3 59 NA
FTru (years) 19.3 NA 13.2 NA 19.1 22.9 14.0 NA 19.1 111 21
RULy (vears) 10.8 NA 4.8 NA 10.6 14.4 5.5 NA 10.6 2.6 -6.4
Relgifr (%) 1.0 = 214 NA 36.1 30.1 8.5 = 36.1 22.9 NA
Facebook prophet
FT3g (years) 32.1 34.5 12.8 8.9 8.7 13.9 14.3 18.6 8.7 134 NA
RULgzy (years) 23.6 26.0 43 0.4 0.2 54 5.8 10.1 0.2 4.9 NA
FT s (years) 15.6 34.5 13.6 27.2 211 16.8 14.0 18.6 215 11.5 3.0
RULyyy (vears) 71 26.0 51 18.8 12.6 8.2 5.5 10.1 13.0 3.0 -54
Relgifr (%) 514 = 5.8 67.3 58.8 17.3 2.1 = 59.5 14.1 NA
Proposed
FTay 15.9 74.3 16.5 15.5 21.6 23.8 16.7 23.7 21.2 14.0 5.0
RULgzy (years) 74 65.7 8.0 7.0 13.1 15.3 8.2 15.2 12.7 55 -3.5
FTru (years) 15.2 74.3 16.5 14.1 211 17.8 18.8 23.7 20.5 13.9 5.6
RULyy (vears) 8.3 65.7 8.0 5.6 12.2 9.3 10.3 15.2 12.0 54 -2.9
Relgifr (%) 4.4 - 0 9.2 23 24.8 7.2 - 3.3 0.7 10.7

“Note. FT3g & FTgy are failure times calculated using 3% degradation and the compelete datasets, respectively. 1j is 1j-a-Sil, 3j is 3j-a-Si1, pc1 is pc-Sil,
pc2 is pc-Si2, and pc3 is pc-Si3.

bAbbreviations: ARIMA, autoregressive integrated moving average; CdTe, cadmium telluride; FT, failure time; HIT, heterojunction with an intrinsic thin
layer; mc-Si, mono-crystalline silicon; pc, polycrystalline silicon; ribbon, polycrystalline silicon string ribbon; RUL, remaining useful lifetime.
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underestimated for the ARIMA and FP models. The overestimations
and underestimations can be correlated with the evaluated degrada-
tion trend, which is influenced by the nature of the dataset and the
number of data points. Considering the calibration using the entire
dataset, the FP and the proposed model show good agreement in the
FT forecast for most of the systems. This excludes the mc-Sil system
that appeared to be very stable with a performance degradation of
less than 2% after 8.5 years. For this system, the proposed model
shows an overestimation of the FT because the evaluated degradation
is too small to achieve optimal calibrations. Comparing the variations
in predictions at different calibration intervals, it can be seen that the
proposed model displays a good consistency (on average, 7% relative
difference) compared with the other two models that displayed unre-
alistic scenarios. Although the FP showed a good agreement with the
proposed model when calibrated using the entire dataset, it displayed
big variations in lifetime forecast between the two calibration inter-
vals. Considering both intervals, the ARIMA model does not perform
well in this study because it failed to converge for four systems. The
model also tends to overfit the data, hence making it more sensitive
to reversible performance reducing events. This is visible when
looking at the pc-Sil system (Figure 10) where the model failed to
converge when calibrated on the entire dataset. This implies that such

a model is not useful for performance degradation forecast.

3.5 | Modellimits and uncertainties

Although the proposed model has displayed a good performance on a
number of PV modules and systems, it is bound to some limits and
uncertainties that could deteriorate the prediction accuracy. The
model limits and uncertainties are identified as follows.

The model works well when the degradation is gradual and con-
tinuous. It cannot forecast events that might lead to dramatic or sud-
den power losses, such as breakage, fire, or catastrophic failures. For
example, Figure 11 shows one of the DKASC Alice Spring systems;

eco-Kinetics-26.5kW-mono-Si-Dual  (2010), which experiences a

0.4
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trend [Colour figure can be viewed at wileyonlinelibrary.com]

sudden drop in performance. According to the information from the
DKA website, this sharp drop in performance was attributed to one
PV module in the array being subject to damage during a windstorm.
The cause is identified as a partial failure of one array string in which
this damaged module is connected.

The model is based on degradation patterns; hence, it is
influenced by the extracted degradation trends. The degradation
trend is extracted from time series data by applying the condition in
Equation (7). Changing the tol value affects the extracted degradation
trend as shown in Figure 12A. Figure 12B shows how the calibration
and the forecast error vary with tol. The RMSE was calculated using
Equation (8) and is converted to percentage.

According to the evaluated datasets in this study, the value of tol
and the extracted degradation trend highly depend on the resolution
and the outliers in a given dataset. For datasets with a monthly or
yearly resolution, the values of tol ranged from 0.9 to 1.25, whereas
for datasets with high resolution of 15 min, the values were between
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Forecast at 3% and entire dataset calibration thresholds using auto-ARIMA model. The figure shows overfitting when calibration

is done on the entire dataset. The green dotted line shows the -20% failure threshold of the Seasonal-Trend Decomposition Using LOESS (STL) .
PR has been normalized to the initial value of the STL trend. ARIMA, autoregressive integrated moving average; PR, performance ratio [Colour

figure can be viewed at wileyonlinelibrary.com]
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1.4 and 1.65. The tol factor is very useful as it provides a parameter
for optimization adapted to the dataset variability unlike the black box

automated algorithms.

3.6 | Prospects

After optimizing, testing, and further validating our model under dif-
ferent data scenarios, the overall objective is to embed the approach
into a simplified user interface for PV lifetime forecast. The interface
will be applicable by any user, even without deep knowledge in data
analysis. The next step will be to interpret the derived model parame-
ters dependent on the degradation patterns to the degradation
modes. We believe that with enough PV modules and systems data, it
is possible to correlate the degradation patterns with degradation
modes based on PV technologies, operating local climate, and BOM.
Meanwhile, this paper will serve as a guideline for anyone willing to
go through and apply the presented modeling approach and algo-
rithms. Moreover, it can trigger ideas to build new or modify available
algorithms to achieve the highest accuracy in PV lifetime predictions

and forecasting.

4 | CONCLUSION

Degradation rate models based on local climatic stresses and
data-driven models based on the existing monitored degradation to
forecast the lifetime of PV modules have already been proposed.
However, climatic-based models are characterized by too many
sources of uncertainties due to many input variables and the available
data-driven forecast models are characterized by high uncertainty
when long-term forecasts are required after a shorter time and with
few data points. If only an insufficient number of data points is avail-
able, data-driven models are not able to capture the real trend of the
dataset and will be dominated by short-term effects in the dataset,

which might not represent the actual performance evolution of a PV
system. In this paper, we provide a solution to these key challenges by
proposing a simplified model that requires less input variables and
aims at improving the accuracy of long-term forecasts after a shorter
operation time and with fewer data points. The proposed approach is
based on multiple time- and degradation pattern-dependent models
to evaluate the long-term performance degradation.

The proposed model has been calibrated and validated using dif-
ferent PV module and system datasets with observed long-term deg-
radation. The performance of the proposed model is benchmarked
against two statistical methods, namely, ARIMA and FP, using the time
series of 11 experimental PV plants (with different PV technologies).
The proposed model displays outstanding performance when fore-
casts are made after a shorter time compared with the two statistical
models that displayed unrealistic forecasts. The model also displays
consistent results with a 7.0% average relative uncertainty of the eval-
uated FT when forecasts are made at different intervals, which is not
the case for the two statistical models. Therefore, the obvious advan-
tage of the proposed model over other data-driven models is that it is
applicable after a small performance degradation of only 3%, which
usually can be observed after a short operation time. Furthermore, it
is applicable on fewer data points. Another advantage of the proposed
approach is that it is based on a systematic strategy as well as for
selecting the data and parameters of the models, making it applicable
for degradation evaluation on a wide range of data distributions. The
models' performance can be well understood and a correlation of
different parameters can be achieved, which is not the case for
many empirical, data-driven techniques, especially those with a black
box character. Moreover, the model is also applicable to all PV
technologies.

The paper also highlights the pitfalls of assuming a single constant
degradation factor/rate for long-term PV performance degradation
forecast/ prediction. It has been shown that using a constant degrada-
tion factor/rate might lead to either overestimation or underestima-

tion of the FT and that this depends on the degradation patterns. We
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believe that accurate PV lifetime forecast/prediction is of great impor-
tance in the ever-growing secondary market of PV systems (i.e., the
transaction of ownership of solar plants), as a metric to evaluate finan-

cial figures and mitigate risk.
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