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Abstract—Assessing photovoltaic module backsheet durability
is critical to increasing module lifetime. Lab based accelerating
testing has recently failed to predict large scale failures of widely
adopted polymeric materials. Field surveyed data is critical to as-
sess the performance of component lifetime. Using a documented
field survey protocol, 13 field surveys where conducted. Each
measurement is encoded with it’s spatial location in respect to
the other modules. By combining field survey data on degradation
predictors with real time satellite weather data, data-driven
predictive models of backsheet degradation were trained. LOESS
models were constructed to investigate the spatial dependence of
measurements. It was found that micro-climatic effects like tree-
lines, ground surface changes, and elevation changes effected the
magnitude and variance of the measurements. A GAM model was
created to predict the value of degradation based on measured
predictors. The model includes variables on the climate of the
system and the location of each measurement in the PV mounting
structure. The model performed well with an adj.R2 of 0.95 for
yellowness index prediction. The model was cross-validated using
k-folds.

Index Terms—Backsheet, Degradation, Spatio-temporal, Mod-
eling, Field Survey

I. INTRODUCTION

In order to be cost effective, utility scale power providers
are reliant on PV module service lifetimes exceeding 20
years of operation in a variety of exposure environments. PV
backsheets are affected by multiple environmental stressors
and degrade due to synergistic effects in the field. The study
of outdoor backsheets degradation is necessary to understand
real-world PV failure as well improve accelerated testing
protocols. However, current research of outdoor backsheet
degradation is much scarcer than that of PV cells or encapsu-
lants [1], [2].
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Backsheets in installed PV modules experience various syn-
ergistic stressors including irradiance, temperature, humidity,
particulates, and other factors. Ultraviolet (UV) light reflected
from the ground can cause chain scission and loss of mechan-
ical strength [3], [4]. The diurnal and seasonal thermal cycles
create thermal-mechanical stress, which can contribute to
backsheet failures [5]. The presence of moisture can also have
dramatic effects on the degradation of backsheet materials [6]–
[11]. These stressors also vary spatially according to array
geometry, changes in ground albedo, and shading due to ex-
ternal objects. It was found that the edge modules experienced
significantly elevated rates of degradation, attributed to an
increase of rear-side irradiance [12], [13].

Modeling the behavior of materials under outdoor exposure
conditions is critical to predicting lifetime and performance
of solar modules. A key component to understanding the
effects of degradation in the field is to monitor the expo-
sure conditions the the module experience over their service
lifetime. Traditionally, climate zone rating systems have been
used to categorize climates into specific regions of similar
exposure environments. It has been shown that the Köppen
Geiger Climate system is fairly robust and can be augmented
with variables that are more specific to PV without losing the
simplicity of the system [14], [15].

Field survey data has recently been used to illuminate
effects that are only observed in long term outdoor exposures.
Measurements of the color and gloss of PV modules after years
of outdoor exposure showed differential degradation patterns
based on the PV mounting structure [1]. Additionally, this
observed trend was modeled using generalized additive mod-
eling (GAM), resulting in a equation that predicted degradation
patterns across the surface of the PV backsheet based on it’s
location in the mounting structure [13]. It was found that
the edges of PV mounting systems experience faster rates of
apparent degradation than the modules located at the center.
Moverover, it was found that the distance from the ground was
another factor in degradation rate.



This study investigates field surveyed data from 14 different
PV fields. Module data (i.e., color, gloss, FTIR) was recorded
for selectively surveyed modules. The field data will be
combined with real time weather data from the selected sites
to form the basis of the predictive model.

II. METHODOLOGY

A. Field Survey Protocol

In order to be able to produce a reproducible test, a field
survey protocol was defined to standardize the measurement
locations and the measurement types recorded. This protocol
has been applied to 7 PV fields I. The current protocol
dictates that individual rows of PV modules will be measured
systematically, with uniform separation of measurements along
the length of the row. It is recommended that a minimum
of 12 modules should be recorded for each row measured,
but for long rows, the number of modules should increase.
Additionally, to observe the ’edge effect’ additional modules
are surveyed on the row ends. Each module is measured in 6
locations across the surface of it’s backsheet. Data is collected
on the Yellowness Index (ATSM E313), Gloss ( ASTM D523),
and FTIR spectra of every module surveyed without cleaning
the module. Information on the exposure conditions of the
field are also noted.

B. Data

Weather data for PV sites was gathered using SolarGIS.
The data consisted of measurements of temperature, relative
humidity, global horizontal irradiance, diffuse horizontal irra-
diance, and wind speed. The data was recorded at five minute
intervals for up to four years. For each field survey, the closest
weather station was found and it’s data ingested.

After the conducting a field survey, the instrument data is
processed through cleaning scripts that label and supplement
each observation with meta-data. Using the geographic coor-
dinates of the PV field, the nearest weather station is found.
After the data is cleaned, it is ingested into Case Western’s
High Performance Computing Cluster and stored.

C. Modeling

1) Inference By Eye: Inference by Eye is a statistical tech-
nique developed to quickly visualize and test for measurement
significance. It can be used to quickly visually idenify modules
that are statistically significant from others. The base principle
of this technique relies on a simple 2-sample independent
students t-test of the difference between two means (p = .05
, t = 1.96). To begin, we will establish our hypotheses:

H0 = X̄1 − X̄2 ≈ 0

Ha = X̄1 − X̄2 6= 0

From the definition of the Student’s t-test, Eq. 1. Assuming
that the standard error (se) of each measurement is roughly the
same (same number of samples, same instrument), yields Eq.
2. Since the end result is to plot the confidence intervals as a

Fig. 1: Field Survey data plotted with 83.4% confidence
intervals. The modules in which the confidence intervals do
not overlap are statistically significant from each other.

measurement of the different of the means, each side is divided
by two (this accounts for both of the modules confidence
intervals) Eq. 3. The quantity 1.386 × se corresponds to a
significance level of 83.4%. When the data is plotted with
83.4% confidence intervals, if the ’whiskers’ of the interval
DO NOT overlap, then the difference of means between those
modules are SIGNIFICANT. All of the modules and data
presented from now on will have 83.4% confidence intervals
unless otherwise stated. Figure 1 has an example of survey data
plotted with this visualization technique in mind. As is shown
by Figure 1, the edge modules located in SS-15-1 display a
significant difference in the mean value for their yellowness
index values as compared to a center module. Additionally,
it is evident that the Frontside Unshaded and Fully Shaded
rows have had modules replaced. These modules are clearly
significantly different than the rest of the modules located in
the same row. This was corroborated with FTIR spectra.

X̄1 − X̄2 = 1.96×
√
se21 + se21 (1)

X̄1 − X̄2 = 1.96×
√

2× se (2)

X̄1 − X̄2 = 1.386× se (3)

2) LOESS Modeling: LOESS (Locally Estimated Scatter-
plot Smoothing) modeling uses localized subsets of data to
construct a final model. The advantage of LOESS is the shape
of the model is determined by the technique without needing
to specify the relationship between the predictors and the
response variable. This allows for the modeling of complex
behaviors without having to know the underlying mechanisms
of action. This type of modeling is useful for examining
the spatial relationships between each measurement. This
technique was used in our analysis to observe the overall
spatio- trends of degradation across rows of modules. Each
row of data was modeled using LOESS to generate an overall
trend of degradation. It is important to note that the confidence
interval on a single measurement is much larger than the
confidence interval of the model. This is due to the fact that



Site Backsheet Size Age Climate Zone State Modules Measured

SS-15-1 PVDF / PET 20 MW - 25 MW 2 Cfa SC 80
SS-15-2 FEVE 10 MW - 15 MW 2 Cfa SC 80
SS-15-3 FEVE 5 MW - 10 MW 2 Cfa SC 88
SS-15-4 PET 5 MW - 10 MW 2 Cfa TN 126
SS-16-1 PEN <1 MW 8 Cfa MD 219
SS-16-2 PVDF 1 MW - 5 MW 1 Cfa MD 216
SS-16-3 PVDF 1 MW - 5 MW 8 BSk CO 72
SS-17-1 PET 1 MW - 5 MW 6 Dfa / Cfa OH 160
SS-17-2 Multiple <1 MW 8 Dfa / Cfa OH 21
SS-18-1 PVF <1 MW 11 Dfa IL 32
SS-18-2 PVF <1 MW 11 Dfa IL 48

TABLE I: Table of completed Field Surveys

because the model implies continuity between each module,
the overall variance of the model decreases.

3) Generalized Additive Modeling: LOESS modeling has
many beneficial aspects, but does not yield particularly ef-
fective models for predicting values. In order to predict the
values of degradation Generalized Additive Modeling has been
conducted on the field survey data.

The basis of the GAM models being explored are natural
splines. Spline regressions are a technique that uses poly-
nomials as the basis functions for a piece-wise model that
has k-number of knots (change points). The dependence of
degradation on position of the module (described by its length
L and depth D) is modeled with a cubic natural spline. The
natural spline has the benefit of constrained at the endpoints
such that solutions outside of the range of the function will not
approach infinity. The advantage of using splines is that the
change can be placed in positions where different effects start
to dominate. In the case of the modeling being completed,
knots are located at the edges of rows, so we can have a
different model to predict the behavior of edge modules.

Along with the information gathered from the field surveys,
weather data is also being incorporated into the GAM model.
Years worth of time series weather data is processed for
each site, generating some general statistics on the climate
of each location. Parameters that ending up being included
are, time of contact wetness (CW), cumulative yearly ir-
radiance(IRR), thermal cycling (TC), and time at elevated
temperature (TAET).

The general form of the spatio equation then can be ex-
pressed as:

Y (L,D) = β0 + β1L+ β2L
2 + β3L

3 + β4(L− a1)

+ β5(L− a2) + β6D + β7D
2 (4)

With the general form of the temporal equation:

Y (CW, IRR, TC, TAET, t) = (β8CW + β9IRR+

β10TC + β11TAET )t (5)

The GAM model creates all the components separately and
the end model is a linear combination all the unique equations
for each variable.

Fig. 2: LOESS spacial modeling of Yellowness index. The
gravel roadway is located at the origin for the Frontside
Unshaded and Fully Shaded rows. The Rearside Unshaded
row has the gravel road located at the row end (≈ 60m).

III. RESULTS / DISCUSSION

A. LOESS

LOESS modeling was used to evaluate the spatio-trends
of the field data. The resultant models indicated that the
modules located at the end of a row are experiencing a
significant difference in exposure. Additionally some rows of
modules showed a slight increase in degradation prediction
value around the end of electrical strings (around halfway
through the row).

High values of degradation predictors have been found
located near surfaces with high albedo. This effect can be
seen most clearly by examining sites that have a partially
paved road. The roads are constructed out gravel, which is
more reflective than most other ground coverings. In addition,
some sites have rows that span multiple ground coverings.
When gravel and grass ground coverings from the same row
were compared, it was found that the modules located closer
to the gravel road exhibited significantly higher yellowness
index as compared to modules that were located above grass
ground covering. This is best shown in the field survey SS-
15-3 (Figure 2). The effect of changing ground cover was also
observed prominently in the SS-16-1 field survey which had
some modules located closer to grass than gravel. It was found
that the modules located in-front of grass substrates yellowed
significantly less than similar modules mounted over gravel.

In addition to a dependence on ground substrate, the amount
of reflective surface area also effects the degradation of the
module backsheet. Modules that are located on the edges of



Fig. 3: LOESS spacial modeling of Yellowness index. A
gravel roadway is located at the origin. The clearing is located
at the row end for the Frontside Unshaded and Rearside
Unshaded rows. The Fully Shaded row has a lower value of
both yellowness index and variance.

rows have previously been shown to experience higher levels
of degradation than the same modules located farther within
the same row. The LOESS modeling not only corroborates
this effect, but also shows that modules located at ’corners’
of mounting configurations are susceptible to even larger
amount of degradation and exhibit a much higher variance.
During the survey of SS-15-2, the survey team was able to
measure modules that had large amounts of open reflective
space surrounding them. It was found that these modules had
degradation indicators similar to modules exposed to higher
albedo surfaces (e.g gravel), with the additional effect of
having a much higher variance (Figure 3).

Lastly it was observed that the mounting height of module
also contributions to the degradation of modules. The SS-16-2
field survey measured differences in the degradation predictors
based on the location of the module in the field. Some
modules were observed to have a inverse ’edge effect’, where
the values of degradation were lower than what would have
been expected compared to their similarly mounted neighbors
(Figure 4). It is believed that the mounting height is causing
this reverse effect. The modules mounted at the origin for
Block 1 and Block 2 and at the row end for Block 3 are on a
steep incline. When compared to modules located in the same
location on flat ground, this effect is not present.

B. GAM

As we can see the basic GAM model fits the observed
data well. The differentiating effect on material choice is well
captured by the overall trend. The model has predicted that
color is higher on the edges of modules than in the center. This
model also captures the anisotropy of the field construction.
Since the flexibility of the splice modeling allowed for a piece-
wise model the edge effect could be explored. The model
output showed that the coefficients for the edge modules were
statistically significant than those from the center. This means
that the rate at which the edge modules is degrading is different
than the center modules.

Especially noticeable in the SS-15-3 data, the surrounding
micro-climate has a remarkable effect on degradation. The
model has fitted the gloss values to be concave down, meaning
that the gloss values on the edges of rows are less than at

Fig. 4: LOESS spacial modeling of Yellowness index. The
black boxes encompass areas where the elevation changes
rapidly. The red boxes are around the modules located in the
same positions as the black boxes but on flat ground.

Fig. 5: Results of predicting the trained model on the SS-15
Sites. This model was fitting using a 80 percent training set.

the center, which is what is expected. The SS-15-1 model
struggled to capture the discontinuity between the separate
strings as noted as an anomaly. The model was once again
retrained after taking measurements of the SS-16 sites located
in Maryland (Figure 6, 7).

Material dependent rates of degradation were observed.
Since the relative amount of exposure is location dependent, it
is possible to compare the performance of a polymeric material
by comparing the higher exposed positions to the lower
exposure positions. PEN based backsheets showed the highest
levels of gloss and yellowness index change. This effect was
compounded at the edges of the mounting structure,s due to
increased levels of irradiance Fluoro-polymer based materials
showed resistance to changes in color.

In terms of the temporal component of the model it was
found,that both irradiance and time at evaluated temperature
had significant effects on the degradation of the polymers.
Although they are possible material stressors, contact wetness
and thermal cycling was not a significant predictor in the



Fig. 6: Results of predicting the trained model on the SS-16-1
Site. This model was fitting using a 80 percent training set.

Fig. 7: Results of predicting the trained model on the SS-16-2
Site. This model was fitting using a 80 percent training set.

final model. These processes could be inciting other modes
of degradation such as mechanical stress or adhesion loss.

The data was split between training and testing sets then
modeled using basic splines and a GAM model. The model
has been trained on four different material types and with two
different climate zones. The parameters for model accuracy
can be found in Table II.

From the resulting fit to the testing data we see that we have
adj.R2 = 0.95 for the model of color and adj.R2 = 0.73 for
gloss. This means that our model can explain roughly 95%
variation in the color and 73% of the variation in the gloss
measurement for all of the sites surveyed so far. The model
performed better on the color measurements because gloss
measurements are more susceptible to outliers and exhibit
much larger variation across the surface of the backsheet
material. However, the majority of sites survey have not been
in service long so the degradation is mostly uniform with only
slight variation. This could lead to a slightly higher adj.R2

than expected. The RootMeanSquaredError measured the

TABLE II: Model Accuracy Parameters

Model adjR2 RMSE Training RMSE Testing

Gloss .7264 16.61 17.16
Color .9527 2.22 2.375

variability of the residuals from the fitted model. This value
changes based on the variance in the data. However, it is a
good estimator of whether or not the model is over fitting
the training dataset. If the RMSE of the training and testing
subset are similar, it can be assumed that your model is not
overfitting the data. The RMSE of the model can be seen in
Table II. RMSE is a measurement of the average size of the
residuals of the model. The value of RMSE depends on the
magnitude of the variables being studied. The important thing
is that the RMSE values do not change significantly from the
training and testing. This means that the module does not over
fit the training dataset, and that the model is general enough
to be applied to new data.

IV. CONCLUSIONS

A model was created to evaluate the condition of backsheet
materials based on field surveyed data. A survey plan was
established to dictate the measurement types and frequency.
In combination with real time weather data, the model was
able to have high prediction accuracy and did not over fit.
The adj.R2 values showed that the model was able to fit
the observed data well and the RMSE values confirmed
that the model was not over-fitting the training set. More
work is being conducted to explore different techniques of
spatio-temporal modeling. Maps of the rear-side irradiance
are being simulated. Additionally, work is being conducted to
cross-correlated backsheet performance and electrical output.
This modeling effort will allow a direct comparison between
yellowness index change and exposure intensity. In the future,
this work could be used to inform climate specific site designs
and targeted maintenance. With a better understanding of how
each backsheet behaves in a variety of climates, site owners
could tailor their installations with materials that are known
to well operate in those conditions increasing their system
lifetimes.
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