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A B S T R A C T   

To reap in the full benefit of high-efficiency solar cells and modules, the quality of the polymer encapsulant and 
backsheet (BS) materials is essential. Recent field studies show that early degrading backsheets cause safety 
issues and inverter shutdowns, resulting in yield losses. The dynamic development of degradation is important 
but is rarely studied because of the lack of proper datasets with meaningful and sufficient data. We studied 
inverter data of solar panels with a combined capacity of about 1 MWp for more than nine years including 
ground impedance (GI), and we labelled BS-types using our in-house identification method. Every inverter was 
connected to modules with exclusively a single BS-type, namely three-multilayer BSs denoted by their outer air 
layer: PA (polyamide), FC (fluorinated coating), and PVDF (polyvinylidene fluoride). We present, for the first 
time, an analysis of the degradation dynamics of GI, using a trained Gaussian Process Regression model. Using 
this model, we derived key degradation parameters, namely GI loss rates and time points for the onset of 
degradation. We found that PVDF BSs are associated with very low GI loss rates, while loss rates for PA are 
threefold higher with an onset at 6.6 year of operation for PA. FC BS-related loss rates were humidity dependent 
and two times higher those of PA; the onset was determined at 4.9 year of operation.   

1. Introduction 

The choice of polymer materials in PV modules is important for 
persistence and yield. Improvements in cell efficiency can only be 
exploited sustainably if the cells are well encapsulated and protected 
against adverse climatic effects. Early ageing of the polymers, especially 
the backsheets [1,2], results in safety risks jeopardizing the reliable 
operation and a high yield of the solar parks. The BS degradation results 
in insufficient insulation resistance, pushing inverters into fault mode 
[3]. 

It is becoming increasingly clear that damaged BSs constitute a 
serious issue. Little research has been done on the modes of BS field- 
degradation since proper and sufficient data are usually not available. 
To fill this gap, we profited from an access to historical, BS-labelled 
inverter data and applied a machine learning (ML) method, namely 
Gaussian Process Regression (GPR), to analyse the dynamics of the 
historic evolution of the BS-related ground impedance (GI) in correla
tion with ambient conditions. If GI becomes too low, the inverter does 
not start operation, resulting in a loss of yield and revenue. The present 
study focuses on the GI threshold defined by standard [4] as GI > 1 MΩ 
or specified by the manufacturer, e.g. as GIth > 0.4 MΩ for the inverters 

installed in the PV power station of interest. Low GI values can be due to 
e.g. internal inverter issues or low insulation resistance of PV modules 
(at high humidity). At that, we expect internal inverter issues to be 
statistically evenly distributed for all inverters, regardless of the BS types 
of the PV modules connected to the inverter. An insight into BS-driven 
insulation issues requires a unique dataset with different known BS 
types for the inverters with specific BS characteristics. 

Therefore, the goal of this study is to go beyond sporadic spot in
spections, i. e. documentation of degradation phenomena in BS, e.g. 
cracks, and random insulation measurements of strings or modules. 
Since we cannot analyse the cracking retrospectively, we aim to address 
the change in electrical properties to better understand the dynamics of 
aging of the BS and its impact on performance. To achieve this goal, a 
suitable dataset consisting of monitoring data time series of inverters 
with identified BS of all modules plus weather data was created. With 
these data, we have trained a ML tool, in particular GPR, which is 
capable of learning non-linear relationships and calculating confidence 
intervals. After successful training and testing, the learned kernel is used 
to calculate key points based on the derivatives and slopes. BS specific GI 
loss rates and characteristic time points can be derived from the results. 
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2. Experimental procedure 

For studying the dynamics of insulation issues in PV power stations, 
the available dataset as well as the knowledge of the bill of material 
(BOM) are both crucial for applying a ML method with meaningful 
output. Both, dataset and the used GPR, will be described in detail. 

2.1. Description of dataset 

We analyzed a PV power station with a capacity of 6.8 MWp (28,030 
PV modules, belonging to 1,245 strings, which are connected to 423 
inverters) commissioned in Germany in 2012. The available historic 
monitoring data span almost ten years of operation and include GI, 
which describes the insulation resistance measured by the inverters. At 
that, there is a single GI data point per day and inverter. For studying the 
BS-dependent insulation evolution, we identified the BSs of all modules 
on-site using near-infrared absorption (NIRA) analysis [5,6]. At that, a 
huge variety of BSs was revealed on inverter level [3,7]. In order to find 
a clear correlation between BS material and insulation issues, we 
reduced the dataset to inverters that are connected exclusively to 
modules with one type of BS, considering exclusively cases with more 
than two inverters for statistical purposes. The further analysis, there
fore, contains 68 inverters with 4,692 PV modules and a capacity of 1.2 
MWp. 

The PV modules of these inverters are all from the same manufac
turer, but they feature different BSs. Using NIRA, we identified three 
multi-layer BS types on-site (see Table 1); 14 inverters with PA-PA-PA 
BSs, 34 inverters with FC-PET-PP BSs, and 20 inverters with PVDF- 
PET-PE BSs. Throughout the paper, the inverters will be addressed by 
their BS air layers: FC- (fluorinated coating), PA- (polyamide), and 
PVDF- (polyvinylidene fluoride) BSs for easier reading. 

BS anomalies were observed for modules with PA BSs and FC BSs. 
60–80% of modules with PA show macroscopic cracks and “chalking” 
(rutile titania deposits, also described and studied by other groups [1, 
8–10]). 100% of modules with FC BSs show inner micro cracks, from 
those 10% having additional strong corrosion (rarely found in literature 
yet [2,7,11]). Modules with PVDF-BS show no apparent anomalies, 
compare Fig. 1. 

All inverters have been operated at the same site in Germany for 
approximately ten years (3,437 days). The weather at the installation 
site is evaluated on an annual basis for 2%- and 98%-percentiles for 
daily values of ambient temperature T, relative humidity RH, and irra
diance I: I = 0.3–8.4 kWh/m2, T = − 2.4 – 25.6 ◦C, RH = 45.7–94.3%) 
[12]. Humidity and temperature are of high relevance for this study. 
Days with temperatures of T = 0–5 ◦C with humidity of RH = 0.9–0.95 
are most frequent with a kernel density above 0.3, shown for bivariate 
relationship between T and RH in Fig. 2. Other combinations, e.g. T >
20 ◦C with RH ≈ 0.5 are seldom with occurrence probabilities below 
0.04. 

GI was measured by inverters every morning before connecting to 
the grid. For data reduction, we aggregated inverter data in terms of 
daily median GI sorted by BS type, as shown in Fig. 3. We note that single 
GI values for particular inverters and days might deviate from the 

median GI. These time series are analyzed and linked with the weather 
parameters, namely T and RH, which are averaged for a period of 8 h 
prior to grid connection. 

The original data (Fig. 3 left) show a seasonal influence, with low GIs 
in summer when the ambient temperature is high and high GIs in winter 
when the ambient temperature is low. While the mean daily temperature 
changes from 0 ◦C to 20 ◦C, GI drops by roughly 5 MΩ. We associate the 
seasonal GI fluctuation with a temperature-driven inverter drift. At that, 
we calculated ratios of GIPA/GIPVDF and GIFC/GIPVDF (Fig. 3 right) in 
order to demonstrate this effect assuming no degradation for inverters 
with PVDF. The resulting ratios levelized close to a ratio of one. The ratio 
of GIFC/GIPVDF developed increasingly characteristic seasonal pattern 
with low values in winter not observed for GIPA/GIPVDF. 

2.2. Methodology - GPR 

To study the dynamics of GI changes with time, we used GPR, which 
is a non-parametric ML model that can be used for modelling spatial and 
time series data. GPR is a robust supervised ML algorithm used to solve 
regression and classification problems and assuming that the underlying 
data is normally distributed and normally jointly distributed. The 
premise of GPR is that a function is modelled derived from a finite 
number of points but allowing values at unobserved locations as well as 
unseen data points to be revealed with high confidence. The core of GPR 
is finding a suitable kernel function for modelling similarities between 
such data points distributed in space and time. 

learned kernel = amplitude • RBF(length-scale[days,T,RH] )

+ WhiteKernel(noise)

Table 1 
Summary of the identified BSs, PA: polyamide, PET: polyethylene terephthalate, 
PVDF: polyvinylidene fluoride, PE: polyethylene, PP: polypropylene, FC: fluo
rinated coating, R: rutile TiO2.  

BS- 
type 

Thickness 
[μm] 

air 
layer 

core 
layer 

inner 
layer 

anomalies # of 
inverters 

PA 400 PA + R PA +
R 

PA +
R 

Open cracks 14 

FC 215–220 FC + R PET PP +
R 

Closed inner 
cracks 

34 

PVDF 470–480 PVDF 
+ R 

PET PE +
R 

– 20  

Fig. 1. Photographs of BSs of field-aged PV modules, a) open cracks in PA, b) 
green-coloured corrosion and closed inner cracks in FC, and c) no signs of 
degradation for PVDF. 

Fig. 2. Kernel density distribution for humidity and temperature at the site of 
the PV power station in Germany for the studied period. 
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The (non-linear) function, the learned kernel, if trained by given 
training data points with two input parameters: namely the mean (m) 
and the kernel function (K) to ensure smoothness. To design the kernel 
to use with our GPR, we can make assumptions regarding the available 
data. In particular, a long-term falling trend could be fitted using a 
Radial basis function (RBF) kernel with a large length-scale parameter 
(forcing this component to be smooth) describing a pronounced seasonal 
variation and some minor irregularities. The noise of the dataset can be 
accounted for with a kernel consisting of an RBF kernel contribution, 
which aims to explain the correlated noise components such as local 
weather phenomena, and a WhiteKernel contribution for the white 
noise. The dataset is split into a train dataset and a test dataset. During 
fitting the kernel, hyper-parameters are optimized, which results in the 
learned kernel. Once the kernel function parameters are optimized using 
a training set, one can make predictions on the test set using the pre
dictive equations. A large length-scale (close to 100) describes an almost 
linear correlation and a smooth behaviour, while a short length-scale 
(close to 1) describes non-linear behaviour and captures local irregu
larities (local maxima or minima may result). 

3. Results and discussion 

This section is divided into two parts. In the first part, we describe the 
validation of the learned kernel for Gaussian Process Regression method. 
The second part is focused on the discussion of the application of the 
learned kernel for calculation of characteristic values for GI time series 
and comparison of different BSs. 

3.1. Gaussian Process Regression – learned kernel and validated model 

As the GI data vary by an order of magnitude during the studied 
operation time, we found that GPR performed better with logarithmi
cally transformed data, modelling log GI instead GI. Furthermore, the 
dataset was reduced to one quarter of the original data points (3,437 
days) to 845 daily values avoiding overstressing the GPR modelling. The 
hyper-parameters of the learned kernels are listed in Table 2. We 
interpret the values as follows: the pre-factor (amplitude) explains most 
of the target signal, by a long-term trend for 5–7.5 GI/kΩ with a daily 
length-scale of 2–5.5 days, a length-scale for T of 2–21 ◦C and a length- 
scale for RH of 2–95%. The white-noise contribution is between 0.03 and 
0.15 GI/kΩ. Thus, the overall noise level is very small, indicating that 
the data can be very well explained by the models. 

Comparing the different BSs, FC has the smallest values regarding 
pre-factor and length-scales compared to PA and PVDF. Thus, we expect 
stronger non-linearity for GIFC than for GIPA and GIPVDF. The longer the 
length-scale of a component the smoother it is. At that, there is a clear 
ranking among the length-scales of the components: length-scale (days) 
< length-scale (T) < length-scale (RH). 

Resulting plots in Fig. 4 show predicted versus experimental data 
(plotting predicted against ground truth for each data point). The 
overlaying data points for test and train data sets demonstrate the well 
trained GPR model, also underpinned by low RMSE values (root mean 
square error) in Table 2. 

The approximate objective functions for predictor pairs provide an 
insight into bilateral correlations. Fig. 5 shows the distribution of the 
data points (lightly shaded corridor) and confidence interval for pre
dictions (dark shaded corridor), which is narrow due to the large 
number of data points. The three materials show different behaviour 

Fig. 3. Original monitoring data of GI measured by the inverter every day sorted by BS-type, PA, FC, and PVDF (left). For eye guidance, horizontal lines mark GI = 2 
MΩ (dotted line) and GI = 0.4 MΩ (dashed line). Ratios of GIPA/GIPVDF and GIFC/GIPVDF demonstrating the impact of seasonal temperature fluctuations on GI, which 
coexists with GI variations due to potential BS insulation issues. For eye guidance, horizontal lines mark GIBS/GIPVDF = 1 (dotted line) and GIBS/GIPVDF = 0.5 (dashed 
line), BS is either PA or FC, (right). 

Table 2 
Learned kernel hyper parameters and metrics.  

kernel Log-marginal-likelihood RBF White Kernel RSME 

amplitude 
logGI [GI/kΩ] 

Length-scale time [d] Length-scale 
T [◦C] 

Length-scale 
RH [%] 

White-noise 
[GI/kΩ] 

Test-data Train-data 

PA − 97.637 7.47 4.60 20.7 21.6 0.073 0.27 0.27 
FC − 464.809 5.16 1.94 2.31 1.8 0.148 0.37 0.40 
PVDF 195.708 6.38 5.45 13.5 95.3 0.033 0.18 0.18  
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depending on factors: time, temperature or relative humidity. Log GI 
fluctuates seasonally up and down with time. Temperature dependence 
shows a negative trend, while at varied humidity log GI remains almost 
constant. Meanwhile PA and PVDF show narrow distributions of the 
data points, for FC stronger and different dependencies are observed; the 
amplitude of log GI increased with time, the spread of log GI values is 
increased at temperatures between 0 ◦C and 15 ◦C and humidity above 
80%. 

For visualizing the prediction quality, Fig. 6 shows the prediction 
curves versus the observed data points for specific ambient conditions. 
Such conditions have been previously identified as anomalous/inter
esting [3], e.g. at around T = 5 ◦C with RH = 0.85. PA and PVDF in
verters show almost no changes, stay at a high GI level. At the same time, 
log GI decays strongly for FC inverters for all tested conditions after fifth 
year of operation. Generally, log GI of FC inverters are lower than those 

of PA or PVDF inverters are. 

3.2. Predictions with GPR model 

The high quality of log GI predictions achieved using GPR encour
aged and enabled us to study gradients and derivatives for characteristic 
points. The first derivative describes the velocity or rate v of the log GI 
loss (eq (1)). The second derivative (eq (2)) gives the acceleration a of 
the log GI loss. 

v=
d log GI

dt
eq 1  

a=
dv
dt

=
d2 log GI

dt2 eq 2 

Fig. 4. Result plots for inverters with modules with a single BS-type a) PA, b) FC, and c) PVDF.  

Fig. 5. Approximate objective function for predictor pairs, left) PA, middle) FC, and right) PVDF, showing also a spread of data points (lightly shaded area) and a 
confidence interval for predictions (dark shaded area). 

Fig. 6. Dynamics of predicted log GI for three specified ambient conditions for inverters with modules with a single BS-type a) PA, b) FC, and c) PVDF. For FC in b) 
the mean error is marked. Data points are included for the case T = 4–6 ◦C and RH = 80–90%. 
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The arrays of curves in Fig. 7, Fig. 8, and Fig. 9 visualize the pre
dicted log GI with confidence of predictions and their derivatives (v and 
a) for selected RH and T values sorted by BS type. Please note, that the 
critical GI corresponds to log GI = 6 [GI/kΩ]. Predicted log GI differs 
depending on the BS type. For PA, log GI drops smoothly with time, 
more strongly for increasing humidity and increasing temperature. The 
temperature effect can be associated mainly with a temperature- 
determined drift of inverter electronics, more details are still to be 
collected. The log GI loss rate is always negative, v < 0, meaning a 
reduction of log GI. Critical values for inverter operation have not been 
reached, yet. 

The curve of predicted log GI for FC does not appear as smooth and 
homogeneous as for PA. As expected from the calculated hyper- 
parameters, there are more local extrema. Furthermore, the confi
dences are significantly larger for low humidity, most likely due to the 
low number and at the same time strongly scattered data points for FC. 
The derivative is always negative and a pronounced minimum is 
recognizable for RH > 0.7. For the first years, there are only small losses 
in log GI. However, after some years the log GI loss accelerates strongly 
and within short time (top graph in Fig. 8) showing a minimum for a 
(bottom graph in Fig. 8). It should be emphasized that inverters with FC 
BSs typically fall below the critical threshold for inverter operation. 

Finally, for PVDF the arrays of curves are parallel and constantly on 
the same level. No log GI loss is observed in Fig. 9, which is in agreement 
with v almost zero and a negligible small. 

From these results some key values which classify the degradation 
dynamics can be identified. We calculated three key points which 
describe certain time points: 1) the turning point t1 at v = 0 and a =
0 (after an initial log GI loss, log GI stabilized on a high level); 2) the 
onset of log GI loss t2 at a = amin (the loss rate increases the most, which 
forms the “knee”-shaped dependence for log GI); 3) the point of 
maximum log GI loss t3 at v = vmin, where log GI drops at its highest rate. 

These times were evaluated for the three BSs and compiled in 
Table 3. For FC, the shortest times were always calculated. While log GI 
of FC already starts to decrease after 4.9 years, PVDF remains constant 
and shows first signs of decreasing values only after t1 = 5.5 years. PA 
follows FC approx. 1.5 years later, whereby the log GI loss rate is 
significantly lower. Only for FC large log GI loss rates have been 
observed so far, reaching their maximum after 7.1 years. For PA 
maximum loss rate have been reached in the eighth year, but one a much 
lower level than for FC. Similar results have not yet been observed for 
PVDF BSs. 

Besides the temporal key points, the loss rates are of importance. 

They determine how fast critical values are reached. Therefore, we 
evaluated the maximum log GI loss rates by calculating the 10% per
centiles including only values with originally more than three data 
points per RH-T-bins. Fig. 10 shows the log GI loss rates with their 
confidence intervals for three tested BS types. Irrespective of humidity, 
the log GI loss rate of PVDF is small with vPVDF = − 0.17 e− 3 GI/kΩ/d. 
For PA, it is higher than for PVDF with a maximum at vPA = − 0.6 e− 3 
GI/kΩ/d, while FC shows the largest log GI loss rates. The value of v 
depends strongly on humidity and reaches a maximum of vFC = − 1.6 
e− 3 GI/kΩ/d at high humidity. In summary, vFC is many times larger 
than vPVDF and twice as large as vPA, which matches the rates reported 
using linear regression approach for binned data [13]. 

High GI loss rates and early onset of GI loss result in exponentially 
increasing instances of critical low GI values, as reported in [7,14]. 
Analysing individual inverters in year eight, statistically every FC 
inverter drops below 400 kΩ for 35 days, with this trend increasing. At 
the same time, PA inverters show drops only for two days, while PVDF 
inverters reveal no such instances at all. 

In summary, inverters with FC drop and trip alerts, while PA and 
PVDF inverters show no such behaviour. This is also confirmed by 
confidential warning reports, indicating that 103 out of 423 inverters 
fail operation. These 103 inverters include 34 inverters with exclusively 
FC BSs and 69 inverters including at least one FC module. Therefore, 
preventive actions are required to ensure the availability of the 
inverters. 

3.3. Discussion 

Having the two necessary fundamental prerequisites: 1) a suitable 
dataset of interest, here the collection of historic ground impedance 
data, and 2) BS identification performed for all modules connected to 
these inverters, gives insight into the dynamics of the development of 
BS-related insulation issues. 

First, BSs degrade differently which can be described by two key 
factors: time point and GI loss rate. The onset for GI loss is late and the GI 
loss rate is close to zero for PVDF inverters compared to PA and FC in
verters. For FC inverters noticeable GI loss is already found in 5th year of 
operation as well as extremely high GI loss rate which is much earlier 
and 2.5-fold stronger than for PA inverters (6.6 a). Thus, strings and 
inverters including modules with obvious signs of degradation, e. g. 
open macroscopic cracks in PA and inner micro cracks in FC, can be 
associated with low insulation resistance. Visually, modules with FC BSs 
are characterized by crack structures in the inner PP layer. Our 

Fig. 7. Predicted log GI dynamics as a function of T and RH for inverters with modules having PA BS, top) predicted log GI, middle) loss rate v, and bottom) loss accel
eration a. 
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hypothesis is that these cracks support the water transport and leakage 
current. Especially at low temperatures (T ≈ 5 ◦C) and high humidity, 
there are optimal conditions for water transport; for T << 5 ◦C the 
mobility of water starts to decrease and approaches zero when water 
turns to ice. For T ≫ 5 ◦C moisture evaporates. Thus, the electrical 
conductivity is high when the mobility of water inside the BS is high. 

Thus, an early onset of GI loss and strong GI loss rate can result in 
severe operational inverter issues. The weakest modules in terms of 
insulation resistance of an inverter determines the inverter availability, 
connection to the grid, feeding-in and income. Using field-suitable 

Fig. 8. Predicted log GI dynamics as a function of T and RH for inverters with modules having FC BS, top) predicted log GI, middle) loss rate v, and bottom) loss accel
eration a. 

Fig. 9. Predicted log GI dynamics as a function of T and RH for inverters with modules having PVDF BS, top) predicted log GI, middle) loss rate v, and bottom) loss ac
celeration a. 

Table 3 
Characteristic points of GI loss deduced from predicted log GI values using GPR.  

Time 
[a] 

Turning point Onset of log GI 
loss 

Point of maximum log GI 
loss 

t1 = t (v = 0, a = 0) t2 = t (a = amin) t3 = t (v = vmin) 

PA 4.6 6.6 8.0 
FC 2.7 4.9 7.1 
PVDF 5.5 Not yet Not yet  

Fig. 10. Strongest log GI loss rates determined by 10%-percentiles of loss rate v 
for inverters with modules with one BS-type (PA, FC, and PVDF). 
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methods, like NIRA, identify the BSs onsite and give insight into the 
huge variety of used BS materials. Careful, regular visual and optical 
inspection can be a potential strategy to detect signs of degradation 
early. Proper inspection allows inverters with more than one module 
with a critical BS to be identified and flagged in advance, before insu
lation issues begin and lead to everyday failures. Open is the question of 
a representative sample (size) to estimate the risk for BS-driven inverter 
issues reliably. To answer this question, more systematic scientific 
research of BS degradation at field conditions is needed. This includes 
also the investigation of minor components, e.g. additives, stabilizers, 
promoters, which are not identifiable using non-destructive spectro
scopic testing, as well as processing parameters. The role of such addi
tives for degradation is not completely understood, yet, because of lack 
of knowledge of the original composition and the tedious, destructive 
analysis to investigate reactions of unspecified, minor components in 
polymers. 

Second, the differing impact of different BS materials on the GI loss 
with time can be extracted from monitored daily GI values using e.g. 
GPR. There are key points, as time points and GI loss rates, which 
indicate changes. The three time points can be viewed as three levels of 
warning that become more severe over time. If operators and analysts 
watch out for these time points, they have an early warning system and 
can initiate maintenance actions and prepare adequate countermea
sures. Otherwise, troubleshooting is necessary to keep the inverter 
operating, like finding and disconnecting modules with low insulations 
resistance electrically from the string until the string becomes too short 
for inverters operation. Thus, with the right and existing data, here 
historic GI time series, and a trained and tested ML algorithms, investors 
and operators have a databased method for preventive decision-making. 

Third, the study showed that the weather conditions, namely hu
midity and temperature, are of importance for the GI loss. PVDF per
forms on a constantly high level whereas PA and PVDF show significant 
GI drop at the same operation conditions. Thus, polymers degrade 
differently in the same climate. As a result, investors should select 
proper polymers for long-lasting PV modules considering the climate 
conditions at the installation site in order to fulfil the expected lifetime 
of 20 years and longer, avoiding the risk of failing within the first half. 

Finally, we want to emphasize that the BS types are of statistical 
relevance for the inverter availability. The fact, that FC inverters drop 
much more often and stronger than PA or PVDF inverters cannot be 
considered as a random effect. Being solely an inverter related issue, the 
GI drop should be statistically equally distributed between the different 
BS types, which is not supported by the above-discussed experimental 
observations. 

4. Conclusion 

With a proper dataset, ML techniques become powerful tools for 
generating meaningful predictive outcome relevant for decision- 
making. We linked chemical information on polymers in PV module 
BSs with electrical ground impedance of inverters. The created dataset 
includes three different BS types with data and time series collected for 
ca. ten years of operation. The GI values predicted using a GPR enabled 
us to evaluate the characteristic evolution of GI with respect to different 
BSs. The learned kernel allowed deduction of key points important for 
inverter availability, GI loss rates and time points with the resulting 
ranking GI(PVDF) > GI(PA) > GI(FC). For FC, the earliest onset of GI loss 
in year 2.7 years and the highest log GI loss rates of − 1.6 e− 3 GI/kΩ/ 
d were predicted from the monitoring data. At that, the onset for GI loss 
is two years earlier than for PA and three years earlier than for PVDF. 
The log GI loss rate of FC is 2.5 times higher than for PA and 10 times 
larger than for PVDF. As early signs of degradation can be found in the 
data, early warnings should have been possible based on the ML pre
dictions. The data analysis points out that GI values drop over time for 
PA and strongly for FC. Inverter tripping will result. Without counter
measures inverters will fail operation, do not connect to the grid. If 

inverters do not feed in, income losses are the consequence. This ML 
approach highlights that key points for degradation exist and that they 
can be quantified. In addition to degradation rates, we could determine 
specific time points for degradation. These time points can function as 
stepwise warning levels to initiate actions in the future. In general, long- 
lasting BS and durable polymers need to be specified for inverter 
availability at specific conditions for long-term operation. 
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[3] C. Buerhop, O. Stroyuk, J. Zöcklein, T. Pickel, J. Hauch, I.M. Peters, Wet leakage 
resistance development of modules with various backsheet types, Prog. 
Photovoltaics Res. Appl. (2021), https://doi.org/10.1002/pip.3481. 

[4] DIN/VDE, Selbsttätige Schaltstelle zwischen einer netzparallelen 
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