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Abstract—Network structural equation modeling has been used
for degradation modeling of glass/backsheet (GB) and double
glass (DG) PERC PV minimodules, made by CSI and CWRU.
The encapsulants used were ethylene vinyl acetate (EVA) and
polyolefin elastomer (POE). The exposures included modified
damp heat (80◦C and 85% relative humidity), with and without
full spectrum light. Each exposure cycle consists of 2520 hours,
5 steps of 504 hours each. The data from I-V and Suns-Voc

was used in the analysis. We observe that most DG minimodules
exhibit stability in power with exposure time and GB minimod-
ules by CWRU showed a power loss of 5-6% on average due to
corrosion.

Index Terms—network structural equation modeling, acceler-
ated exposures, PV degradation, electrical measurements

I. INTRODUCTION

The PV industry is rapidly growing in the renewable energy
sector with a global PV capacity of 512 GW in 2019 [1].
Valued at $135 billion in 2019 and with an annual PV
installations at about 100 GW, solar PV is expected to generate
25% of the world’s electricity by 2050 [1]. The current PV
module warranty is about 25 years and is expected to be
higher in the future [2]. PV technology can be made cost-
effective by lowering the degradation rate and prolonging
lifetimes. In order to achieve the 2030 SunShot Initiative
goals of achieving the average unsubsidized levelized cost of
electricity of $0.03/kWH on the utility scale and reducing the
degradation rate to 0.2%/year [3], it is necessary to gain a
better understanding of degradation involving materials and
components.

Generally, degradation modes occurring in PV modules are
studied independently of each other without accounting for
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the complexity of PV system behavior in external conditions.
As degradation modes take place simultaneously during ex-
posure conditions, it is important to understand how multiple
modes affect the performance of PV minimodules. Using net-
work structural equation modeling (netSEM) developed at the
SDLE Research Center, stressor(s) (S), mechanistic variables
(Mi) and responses (R) can be mapped to study dominant
mechanisms and the degradation pathways [4]–[6]. netSEM
enables the quantitative study of variables through statistical
measures and mathematical equations using linear/non-linear
models. The advantages of the netSEM approach is that the
dominant mechanisms causing degradation can be identified,
and sequential/parallel degradation pathways can be explored
in a system [4], [7]. netSEM is a semi-supervised method: by
making use of domain knowledge, variable selection is done
in order to obtain the models [7].

There are two principles that govern netSEM analysis:
Principle 1 (Markovian) takes two variables into considera-
tion and ignores their interaction with other variables in the
system, whereas Principle 2 (non-Markovian) considers the
multivariate relationships between variables [7]. The results
presented here are based on Principle 1 modeling of netSEM.

II. EXPERIMENTAL AND ANALYTICAL METHODS

This study explores the degradation behavior of a variety of
minimodule architectures and materials combinations, using
monofacial, multicrystalline passivated emitter and rear cells
(PERC) under two types of exposure conditions. The steps
involved in the study are as follows:-

• Fabrication of minimodule variants
• Exposure of minimodules in laboratory accelerated con-

ditions
• Stepwise electrical evaluation
• Data-driven degradation modeling using netSEM

A. Fabrication of Minimodule Variants

4-cell PV modules fabricated in this study are referred to
as minimodules. Each minimodule replicates the several layers



that protect the solar cells from external environment, as well
as provide structural integrity in full-size PV modules. The
structure of a minimodule is shown in Fig. 1.

Fig. 1: Structure of a 4-cell minimodule with multiple com-
ponents and layers.

The variants of minimodules in this study are based on
differences in encapsulants, module architectures and manu-
facturers. The encapsulants used were ethylene vinyl acetate
(EVA) and polyolefin elastomer (POE). The module archi-
tectures used were glass/backsheet (GB) and double glass
(DG), in which the rear layer is either backsheet or glass.
The manufacturer is based on whether Canadian Solar (CSI) or
Case Western Reserve University (CWRU) fabricated the min-
imodules. The backsheet used was KPf, which is a multilay-
ered backsheet consisting of polyvinylidene fluoride (PVDF)/
polyethylene terephthalate (PET, which is a polyester)/ fluoro-
coating and is manufactured by Cybrid Technologies Inc. [8].
UV-cutoff encapsulant was used as the back/rear encapsulant
layer in the minimodules.

The minimodule fabrication process consists of soldering 4
multicrystalline monofacial PERC for series connection and
tabbing between cells to enable cell- and module-level mea-
surements. The soldered cells were then positioned between
the outer layers and encapsulants of the full materials stack as
shown in Fig. 1. The assembly of layers was then placed in
a laminator. Different lamination recipes were used for EVA
and POE encapsulants due to their differing phase transition
and curing properties. After lamination, 5 junction boxes were
attached to the electrical tabs as shown in Fig. 2. Both the
soldering process and lamination specifications vary between
CSI and CWRU due to differing equipment at these sites.

32 minimodules belonging to 8 variants were fabricated in
total: 16 by CSI and 16 by CWRU. In this study, we consider
cell-level measurements as it contains more data points to
enable statistically significant results.

B. Indoor Accelerated Conditions

Prior to indoor accelerated exposure, preconditioning was
performed to ensure the stability of minimodules. The precon-
ditioning process was done using outdoor light and induced
current as per IEC61215 [8], [9]. The minimodules were then

Fig. 2: The rear view of a 4-cell PV minimodule with 5
junction boxes for cell- and module-level measurements.

exposed in either of the two different accelerated conditions:
modified damp heat (mDH) and mDH with full spectrum light
(mDH+FSL). Each exposure type consisted of 5 steps and each
step was for 21 days (504 hours), totaling to 105 days (2520
hours) of exposure. The reason for using modified damp heat
(mDH) is because hydrolysis of polyethylene terephthalate
(PET) can occur in damp heat conditions, which is not
observed to a large extent in fielded modules [7], [10].

Fig. 3: Indoor accelerated light exposure chamber for full
spectrum light (FSL) used in the study.

For mDH, the conditions used were 80◦C and 85% relative
humidity. In mDH+FSL exposure, mDH exposure was contin-
ued for 14 days (336 hours) and an additional 420 Wm−2 full
spectrum light was used for 7 days (168 hours) per exposure
step. The full spectrum light was generated using class C solar
simulator and with high intensity discharge (HID) lamps from
Iwasaki Electric [8]. The indoor exposure light chamber is
shown in Fig. 3.

C. Stepwise Evaluation

For data-driven modeling using netSEM, variables were
extracted from I-V and Suns-Voc curve tracing performed
before exposure (baseline measurements) and following each
exposure step. Current-voltage (I-V ) curves provide informa-
tion about the relationship between cell or module current
and voltage at fixed irradiance and temperature. The electrical
features obtained from I-V measurements give insights into



Fig. 4: < S|M |R > model of GB with EVA encapsulation made by CWRU in mDH exposure. The stressor is dy and the
response is nPmp,IV . The three mechanistic variables are nIsc,IV , nRs,IV and nVmp,PIV . The blue boxes show the description
of the variables. It can be seen that nPmp,IV is significantly impacted by changes in nRs,IV as indicated by a high R2

adj .

various degradation mechanisms that occur in PV modules
[11]. Suns-Voc is a characterization method in which the
open-circuit voltage (Voc) changes as the illumination varies.
The electrical features obtained from Suns-Voc are free from
the effects of series resistance (Rs) [12]. Data for baseline and
5 exposure steps was obtained, for a total of 6 time points.

D. Data Analysis

The ddiv R package was used to extract electrical features
from I-V and Suns-Voc [11], [13]. The electrical features
were normalized with respect to the value at step 0 (baseline)
to reduce noise. Time in exposure, quantified in decimal years
(dy), was selected as the stressor; the time range we consider
in this study is from 0 to about 0.3. nPmp,IV is the response,
which indicates maximum power from I-V measurements.
The three mechanistic variables chosen for this study were
nIsc,IV , nRs,IV and nVmp,PIV . In general, Isc,IV (short
circuit current) corresponds to optical transmission loss [14],
Rs,IV (series resistance) tracks corrosion [15], and Vmp,PIV

(voltage at maximum power) monitors recombination and
shunting loss [16]. PIV in the subscript indicates that the
measurement is from Suns-Voc. netSEM package (v. 0.6.0),
which was developed at the SDLE Research Center, was used
for network structural equation modeling [5]. In particular, the
netSEMp1() function was used to generate the results based
on Principle 1.

1) Data Imputation: Because of the reliability and use of
five junction boxes and damage arising during exposure, all
the cell-level measurements were not always obtained. In order
to preserve the structure of the study and reduce bias in the
analysis, mean imputation was done based on organization
of the dataset. Missing values were imputed on the basis
of the mean of a particular variable, which is known as
mean imputation [17]. For each variant, there are 2 modules
consisting of 4 cells: the total number of observations at
exposure step 5 is 2 minimodules x 4 cells x 1 exposure step
(i.e. step 5) = 8. Having fewer points than 8 may lead to

slight differences in results in the 83.4% confidence interval
(CI) plots.

III. < Stressor|Mechanism|Response > MODELING

< Stressor|Mechanism|Response > or < S|M |R >
modeling maps stressors, mechanistic variables, and responses,
which enables identification of dominant mechanisms and
degradation pathways [7]. Fig. 4 shows the < S|M |R >
model of GB with EVA by CWRU in mDH exposure. All
the variables are connected in a pairwise fashion. The blue
boxes indicate the description of the mechanistic variables.
Each pathway has details about the model type/functional form
and the corresponding R2

adj . Quad indicates quadratic, SL is
simple linear, SQuad means simple quadratic, CP is change
point, Log indicates logarithmic and Exp means exponential
[4]. Each pathway has a specific mathematical equation that
relates variables and statistical metrics can be obtained as well.

The path connecting dy and nPmp,IV is referred to as
the direct pathway. Paths connecting stressor to mechanistic
variables are known as < S|M | pathways. There are three
< S|M | pathways shown in Fig. 4. Each mechanistic variable
is then connected to response, also called an |M |R > pathway
The functional form in each of these paths represents the best
model, i.e. the functional form that fits two variables in the
best possible manner with the corresponding R2

adj . A high R2
adj

indicates that the two variables are strongly correlated.

It can be seen that the direct pathway has an R2
adj of 0.37

with SQuad functional form. For example, between dy and
nRs,IV , the R2

adj is 0.40 with a SQuad functional form and
nRs,IV to nPmp,IV has an R2

adj of 0.964 with CP functional
form. There seems to be a strong correlation between nRs,IV

and nPmp,IV , which signifies that power is impacted by
changes in series resistance.



Fig. 5: nPmp,IV results: (a) 83.4% CIs at the end of exposure (exposure step 5) and (b) variation with exposure time (in
decimal year). Variants in blue or black boxes indicate whether they are durable or degrading, respectively. < S|R > equations
obtained from Principle 1 and the corresponding best model for each variant and exposure are included in (b) along with data
points.

IV. 83.4% CONFIDENCE INTERVALS AT EXPOSURE STEP 5
AND PREDICTIVE PAIRWISE MODELING (< S|R >,

< S|M | AND |M |R >)

As < S|M |R > models have multiple pathways with
defined best model and R2

adj , each pairwise pathway can be
better visualized individually to observe significant trends. It
is possible to obtain additional insights into the loss/gain in
each variant and exposure type at the end of exposure (i.e.
exposure step 5) using the 83.4% confidence intervals (CIs)
appropriate for a two sample t-test of the difference of two
means [18], calculated from the standard error of the mean
[19]. This section deals with 83.4% CIs at exposure step 5
and pairwise < S|R >, < S|M |, |M |R > plots.

Each of the 83.4% CIs were obtained for each variant and
exposure type. Each CI has 8 observations (2 minimodules x 4
cell measurements) at exposure step 5 and the sample mean is
indicated by filled squares (CSI) and open squares (CWRU).
At the start of the exposure (exposure step 0), the normalized
value is 1 and through these plots, we track changes in the
normalized values. The variants are grouped using blue or
black boxes taking sample means and CI widths into account,
indicating durable or degrading cases, respectively. Inference
by eye outlined by Cumming et al. was used to group CIs:
if the 83.4% CIs overlap, they are considered to be similar
[20]. Variants are grouped together in the durable category if
they have relatively narrow CIs and have sample mean very
close to the normalized value of 1 compared to the rest of the
variants. If the means are farther from the normalized value

of 1 and have a relatively narrow CI, the variants show signs
of degradation. Certain variants may/may not be grouped as
they may be having a wider CI range in comparison to the
rest and present uncertainty in the measurements. A number
of variants do not belong to either category due to wider CI
range and/or significant overlap with both the categories.

The pairwise < S|R >, < S|M | and |M |R > plots describe
the trend between the stressor and response, normalized vari-
able and stressor, or between two normalized variables, respec-
tively. Each facet has the data points and the corresponding
best model equation obtained from netSEMp1() function.
Additionally, there is a text box in each of the facets showing
the best model. Some of the facets may not include the best
model equation and text: this is because the R2

adj is very small,
indicating that the variables are not strongly correlated and the
variant is considered to be stable. Please note that because of
the fact that the exposure time is from 0-0.3 decimal year,
the curvature of the equation may not be captured within the
range. There is also an 83.4% CI at exposure step 5 for each
of the facets. If there is little to no scatter in the data points
and the best model equation does not show any variation, the
variant is considered to be durable. Conversely, if there is a
significant variation in the equation line with minimal data
scatter, it is categorized into the degrading category.

A. nPmp,IV Results

Fig. 5 deals with nPmp,IV as the normalized variable. The
actual power value for each cell is about 4 W and so, in a
minimodule, the power is about 16 W. A decrease in nPmp,IV



Fig. 6: nRs,IV results: (a) 83.4% CIs at the end of exposure (exposure step 5) and (b) variation with exposure time (in decimal
year). Variants in blue or black boxes indicate whether they are durable or degrading, respectively. < S|M | equations obtained
from Principle 1 and the corresponding best model for each variant and exposure are included in (b) along with data points.

from the normalized value of 1 indicates that there is power
loss. From Fig. 5(a), in mDH conditions, DG minimodules
appear to be relatively stable with respect to sample means.
The exception is DG with EVA by CWRU, which has a
relatively large CI and a lower sample mean. DG variants and
GB with EVA by CSI show signs of durability due to their
tight CIs and sample mean closer to 1 (which means that there
is negligible power loss). GB made by CWRU, on the other
hand, show considerable power loss. In the case of mDH+FSL,
it can be observed that all the CSI-made minimodule variants
are relatively stable. Even though GB by CWRU have a lower
sample mean, we cannot classify them as degrading because
of their relatively wider CIs.

In the case of Fig. 5(b), it shows how nPmp,IV varies with
dy for all the 8 variants in 2 exposure types. DG minimodules
(except the ones with high scatter in data points) seem to have
little to no change in nPmp,IV and GB by CWRU shows a drop
in power (power refers to the normalized variable nPmp,IV

from here onward). The power loss is about 5-6% in the
degrading GB variants. The factors that contribute to the power
loss can be better understood by inspecting the individual
mechanistic variables and studying pairwise relations. In this
article, the results from nRs,IV will be highlighted.

B. nRs,IV Results

From our results in this study, one of the major contributors
to power loss is corrosion, which is tracked by nRs,IV . Similar
to nPmp,IV results, the 83.4% CIs at the end of exposure
cycle (i.e. exposure step 5) and the variation of nRs,IV with
exposure time can be studied as shown in Fig. 6. An increase

in nRs,IV from the normalized value of 1 indicates that there
are signs of corrosion.

83.4% CIs in Fig. 6(a) show that in mDH exposure, DG
with EVA and POE as well as GB with EVA by CSI are
relatively stable with respect to corrosion effects, as seen from
the CIs as well as the sample means. Since the CIs are mostly
wider for the other variants, there is uncertainty with respect
to nRs,IV and we cannot classify them as degrading with
respect to corrosion. In mDH+FSL exposure, only GB with
EVA by CSI has practically no change in nRs,IV as shown
by the sample mean as well as the tight CI. The rest of the
variants have relatively wider CIs, which means there is higher
uncertainty in the nRs,IV value.

In Fig. 6(b), the variation of nRs,IV with exposure time
is shown. There is an increasing trend of nRs,IV with time
and it can be seen that there is a scatter in the data points
for all the cases. This is because R

s,IV values (the values
before normalization) are small, which means small changes
can cause larger variations in the values. It can be seen that
most of the variants do not have a steep increase in nRs,IV ,
except for the GB variants by CWRU in both exposures.

In order to gain a better understanding of how nRs,IV

impacts nPmp,IV , |M |R > facet plot is useful. From Fig.
7, it can be noticed that with increasing nRs,IV , nPmp,IV

decreases for all variants in all exposure types. It is to be noted
that in order for nRs,IV to cause power loss, the variant in
a particular exposure needs to have increasing nRs,IV with
dy (i.e., degrading) as well. It can be seen that GB variants
by CWRU show signs of degradation in both < S|M | and
|M |R >.



Fig. 7: Variation of nPmp,IV with nRs,IV . Variants in blue or black boxes indicate whether they are durable or degrading,
respectively. |M |R > equations obtained from Principle 1 and the corresponding best model for each variant and exposure are
included in along with data points.

V. CONCLUSIONS

Through this work, the differences between minimodule
variants have been explored in two indoor accelerated exposure
conditions. 83.4% CIs, < S|R >, < S|M | and |M |R > results
were discussed where S is the stressor (exposure time or dy),
M is the mechanistic variable (in this article, nRs,IV has been
considered) and R is the response (nPmp,IV ).

Double glass minimodules showed stability with exposure
time in both modified damp heat, and modified damp heat with
full spectrum light. DG minimodules by CSI show minimal
power loss at exposure step 5 in both the exposure conditions
as per the 83.4% CI results. Glass/backsheet modules made
by our research group at CWRU have an apparent decrease
in power as identified from CI and < S|R >, with corrosion
being a major contributor to degradation. It can be seen that
with increasing exposure time, glass/backsheet minimodules
by CWRU increase in nRs,IV and in turn, they also experience
a drop in power with increasing nRs,IV .

In our results, we see that changing the module architecture
and/or manufacturing process of the minimodules had more
impact on degradation rates and mechanisms than changing
the encapsulant type or exposure type.

Future mechanistic degradation studies will include mini-
module variants with different cell types (e.g., bifacial PERC
cells), rear encapsulants (transparent, white/opaque) and back-
sheets (e.g., transparent polymer). With data from different sets

of minimodules, we are interested in comparing the results
from the sets and observe similarities and differences between
them.
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