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ABSTRACT

Outdoor data are essential to study the reliability of PV modules and systems. Each electrical performance measure is dependent
on the conditions the measurement is conducted at and, therefore, needs to be considered in the context of dynamically chang-
ing outdoor conditions. In this paper, we introduce a statistical model designed to analyze PV outdoor data. This model uses a
timeseries of current-voltage (IV') characteristics, alongside meteorological data, including plane-of-array irradiance (Gpy,) and
module temperature (Ty,q)- The model aims to utilize all available information to predict the respective performance measure
as well as its uncertainty at arbitrary conditions and times. First, to ensure its quality and relevance, a suitable filtering approach
is applied to the IV curves, Gpo, and Ty, data from nine modules from five locations (Arizona USA, Germany, India, Italy, and
Saudi Arabia) observed for over 2 years. Following this, we utilize the extended solar cell parameters (ESPs), a descriptive model
for IV characteristics using 10 parameters. The ESPs, then, undergo a principal component analysis (PCA), which transforms the
EPSs into a set of uncorrelated principal components (PCs). Individual Gaussian process regressions (GPRs) are then trained on
these principal components (PCs). Once the GPRs are trained, the model is capable of reproducing and predicting the complete
IV characteristics at any given time ¢, for specified values of Gpn, and Ty,,4. This prediction includes an assessment of its standard
deviation, which is derived from data noise and the distance from the observations. This model serves as a versatile tool for var-
ious applications, such as analyzing acclimatization effects, degradation trends, seasonal variations, and the performance ratio
(PR) of PV modules or systems.

1 | Introduction Electrical performance is commonly assessed through measure-

ments of the complete current-voltage (IV') characteristic, which

The reliability of photovoltaic (PV) modules critically affects the
amortization of PV systems. Long-term outdoor monitoring of
PV modules is essential for analyzing degradation, and, thus,
also for assessing the quality and performance of PV products
and technology. PV outdoor data generally includes electrical
performance measures and additional meteorological and tem-
perature measurements.

provide a reliable means to verify the status of individual mod-
ules over time [1-4]. Meteorological and temperature measure-
ments, such as module temperature (Ty;,4) and plane-of-array
irradiation (Gpp,), are highly correlated with the measured per-
formance. Each electrical performance measure needs, there-
fore, to be considered in the context of dynamically changing
outdoor conditions.
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FIGURE1 | Illustration of the presented GPR IV model and its PV outdoor data processing steps. The arrows depict the data flow from one step
to another, while the numbers and color code give a reference to the structure of the paper.

While many outdoor datasets provide the complete IV curve for
analysis, the evaluation of outdoor PV data typically focuses on
just a few key solar cell parameters: open-circuit voltage (Vc),
short-circuit current (Igc), and the voltage and current at the
maximum power point (Vypp and Iypp). This approach simpli-
fies the analysis by reducing the complexity to only four param-
eters instead of the entire IV curve. However, this simplification
may miss potentially important information. For example, re-
lying solely on V¢, Ige, Vipp, and Iypp makes it impossible to
distinguish between an IV curve with an “S”-shape (see for on
overview of this phenonenon [5]) and one with high series resis-
tance [6].

Another common approach to simplify the information con-
tained in a measured IV characteristic is to extract the five pa-
rameters of the one-diode model [7]. Compared with SSPs, the
one-diode model provides more detailed and physically mean-
ingful insights into device performance, as its parameters have
a direct physical interpretation. While widely used in the PV
community, achieving a robust and efficient parameterization
of the one-diode model remains a challenge. A comprehensive
overview of existing parameterization methods can be found in
[8-10]. However, the one-diode model has inherent limitations:
it cannot account for certain physical effects, such as IV curves
with an S-shape, restricting its applicability as a feature vector
for IV characteristics. Additionally, the complex nonlinear opti-
mization methods required to fit the one-diode model to mea-
sured IV curves pose further challenges.

A more descriptive and comprehensive representation of the full
IV curve shape can be achieved using extended solar cell pa-
rameters (ESPs) [6]. The ESPs distill the information contained
in the IV curve into 10 key parameters, preserving much detail
of the shape of the IV characteristic. By analyzing 10 parame-
ters instead of the conventional four or five, ESPs offer a more

refined and accurate representation of the original IV curve.
Moreover, these 10 ESPs enable precise reconstruction of the
original IVcharacteristic [6].

Analyzing PV outdoor data remains challenging due to con-
tinuously changing conditions, such as variations in plane-
of-array irradiance (Gpp,) and module temperature (Tygoq)-
Individual IV characteristics, as well as their corresponding
ESPs, cannot be directly compared without accounting for
the influence of irradiance and temperature on the IV curve
shape. Furthermore, additional factors such as (partial) shad-
ing and humidity affect data quality and introduce uncer-
tainties. Another significant challenge in PV outdoor data
analysis is the lack of standardized filtering methods within
the PV community [11]. Different filtering approaches can
lead to varying results, for instance, in PV degradation rate
estimation [12].

In this paper, we introduce a statistical model for analyzing PV
outdoor data. The model is designed to reproduce and predict
the IV characteristic as well as its standard deviation at any
given time and temperature and irradiation conditions. Such
the model not only outputs the temperature- and irradiation-
dependent temporal development of the IV characteristic, but
also sets the output in context of a standard deviation arising
through the uncertainty of the measurement itself and the lack
of data, that is, the measured IV characteristics are only avail-
able for distinct times at distinct conditions.

The presented model is depicted in Figure 1. The arrows de-
pict data flow between the processing steps, while the color
code and numbering reflects the structure of the paper. At
the root of the model stands PV outdoor raw data, acquired
by TUV Rheinland [4]. The data consists of up to 3 years of IV
characteristic data as well as Ty;,q, Gpoa and the time ¢ (up to
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approximately 60,000 data points each) for various commer-
cial modules operated in different climate zones. Note that the
modules were new at the time of installation, that is, the data
might be expected to show effects of acclimatization (a perfor-
mance drop in the beginning of operation). The model builds
upon a simple filtering concept (see Section 2.1), excluding
incomplete data points as well as data where the effective ir-
radiation on the PV module (i.e., Iy-) does not match the mea-
sured plane-of-array irradiation Gpn,. The filtering approach
ensures to keep a representative share of the available data,
filtering only approximately 2% to 4% of the data. The time
series of IV characteristics from the raw data are reduced
to a 10-dimensional time series of ESPs (see Section 2.2).
After the ESP analysis and the filtering routine, a Principal
Component Analysis (PCA) is applied to the ESP time series
(see Section 2.3), resulting in a time series of 10 linearly un-
correlated principal components (PCs). These PCs, along with
time ¢, plane-of-array irradiance (Gpg,), and module tempera-
ture (Tyq), Serve as inputs for training multiple Gaussian
Process Regressions (GPRs), where each PC is treated inde-
pendently (see Section 2.4). To manage the challenges asso-
ciated with large datasets,! the PC time series are segmented
into monthly subsets.

Once the individual GPRs are optimized and trained, their
outputs can be combined to predict the PCs in dependence of
t, Tyioq @0d Gppa. The reconstruction of the ESPs using the PCA
translation matrix (gray in Figure 1) results the complete shape
of the IV characteristic for any given input [t, Ty;o4- Gpoal- Note
that the model is not capable respectively designed to extrapo-
late (e.g., forecasting). Additionally, the GPRs provide insights
into the standard deviation of the predictions, which arises from
both data noise and gaps in the input data. Specifically, predic-
tions for outputs far from observed data points will have higher
standard deviations compared with those close to observations.

The result of this approach is a compact yet comprehensive
description of the temporal, temperature, and irradiation de-
pendencies of the modules ESPs and, thus, IV characteris-
tics. The applicability of this concept is demonstrated further
analyzing exemplary outdoor datasets (see Section 3) using
ESP(t, Tyoq- Gpoa) predictions. Furthermore, the output of
the GPRs can be used for validation (see Section 4) using the
ESP(t, Tyioa- Gpoa) Predictions at the measured input conditions.
Such, the from the IV characteristics determined ESPs are re-
constructed, while test and training data are temporarily sepa-
rated with a common training to test ratio of 80:20.

The presented model is exemplary applied to PV outdoor data
consisting of complete IV characteristics alongside Gpy, and
Tyog» DUt is in principal applicable to any kind of PV outdoor
data consisting of an electrical performance measure (e.g., AC or
DC power) and data capturing the conditions, the performance
is measured at.

In Section 2, we provide a detailed explanation of the model con-
cept, highlighting how it integrates the data filtering approach,
ESPs, PCA, and multiple GPRs. Following this, the concept is
applied to an exemplary outdoor dataset in Section 3. Finally, in
Section 4, we evaluate the model's accuracy before summarizing
the main results in Section 5.

2 | A Gaussian Process Regression IV Model
2.1 | Filtering

An essential step in all PV outdoor data analyses is the proper
filtering of data to eliminate erroneous measurements (e.g.,
missing data, physically unreasonable IV shapes, or shading-
induced errors). To achieve this, ESPs (see Section 2.2) are
extracted from an IV dataset using the PV-CRAZE library
[13]. During ESP extraction, PV-CRAZE automatically flags
IV data with unusual properties. Specifically, PV-CRAZE
flags IV characteristics that do not allow for reliable ESP ex-
traction due to issues such as excessive noise or insufficient
data. Additionally, nonmonotonic IV curves are identified
and removed, including cases where the slope at Vi, is nega-
tive or where the maximum power point current I,;pp exceeds
the short-circuit current Iy.. Furthermore, incomplete data
points-those missing I'V characteristics, Gpga, OF Tyoq-are also
discarded. This initial filtering step effectively removes the
most obvious errors from the dataset, ensuring higher data
reliability for further analysis.

Beyond filtering for obvious errors, we also apply the more nu-
anced filtering approach presented in the Appendix A. This
method involves filtering out data points where there is a mis-
match in the effective irradiation levels experienced by the PV
module and the irradiation sensor, addressing the most common
source of systematic errors in the datasets under consideration.

The short-circuit current (Ig) is modeled as a function of Gpgy
and T4 using multiple GPRs, randomly splitting the complete
dataset into 20 subsets, similar to a bootstrap aggregating ap-
proach. We compare the overlaid prediction of the 20 GPRs
with the measured Ig.. A high filter threshold is set so that only
significant discrepancies between the expected and actual Iy
are filtered out. Furthermore, we use an iterative approach, re-
sulting in an effective filter excluding roughly 2% to 4% of the
data points. Details to the filtering approach can be found in the
Appendix in Section A.

2.2 | Extended Solar Cell Parameters

For completeness and readability, we begin with a brief in-
troduction to the extended solar cell parameters (ESPs); a
more detailed discussion can be found in [6]. The ESPs com-
prise a set of 10 parameters that describe the shape of the IV
characteristic of a solar cell. As the name suggests, the ESPs
extend beyond the standard solar cell parameters (SSPs) of
Voes Iscs Vwpps and Iypp. The ESPs extend the SSPs with
the slopes of the IV at short and open circuit (Gsc and Rge).
Savitzki-Golay filters are used to obtain noise robust estima-
tors for the slopes at short and open circuit [14]. Furthermore,
the ESPs add two additional key points (“upper quasi maxi-
mum power point” [Ty, Vomp] and “lower quasi maximum
power point” [Ty, Vomp]) to comprehensively describe the
complete shape of the I'V characteristic.

The lower and upper quasi-maximum power points incorporate
information on the shape of the I'Vcharacteristic between short
circuit (SC) and maximum power point (MPP) and between MPP
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and open circuit (OC), respectively. These points are defined using
the power curve (P(V)) associated with the IV V.., is defined as
the voltage between MPP and OC, where the power curve exhibits
the largest difference from a straight line drawn between the two
coordinates [Vypp, Pyppl and [Voc,0]. Igmp, is then the associated
current of the IV at V = V... Analogously, V., is defined as
the voltage, where the power curve exhibits the largest difference
from a straight line drawn between the two coordinates [0, Iy]
and [Vypp, Pupp] and Iy, is the associated current at V=V,

Thus, the ESPs provide a general-purpose parameterization of IV
characteristics using 10 parameters. Compared with other param-
eterization methods, ESPs result in less information loss, as they
capture more subtle features of the IV curve. By reconstructing
IV characteristics, it was demonstrated on a large dataset of 2.2
million IV curves-covering various PV technologies-that ESPs
provide an accurate representation of the I'V characteristics. For
90% of the IV curves, the root mean square (RMS) error relative
to the original measurements remains below 0.2% [6]. In compar-
ison, the one-diode model exhibits an RMS error of approximately
1%, while the Karmalkar-Haneefa model [15] yields an RMS error

of about 1.2% [6].

2.3 | Principal Component Analysis

After fitting the ESPs and applying the filter, we obtain a time
series of 10 ESPs that vary along with Gpp, and Tyy4. As these
time series are generally correlated, we further apply a princi-
pal component analysis (PCA) to extract possible linear correla-
tions. To this end, the ESPs are normalized by their respective
mean values. A PCA involves a change in the basis of the co-
ordinate system used to describe a set of n-dimensional data
points. Illustratively, this basis change aligns the first principal
component (PC) with the direction of the largest variation in the
m-dimensional point cloud of the dataset. Subsequent PCs rep-
resent directions with the largest variation in the m-dimensional
point cloud, subject to the constraint of being orthogonal to all
previous PCs.

Formally, the jth PC can be expressed as

ESPk — ESPk
PCj = 1
= Z P )

where the matrix elements p;, of the transformation matrix
P serve as the weights that translate the mean-normalized 10
ESPs into the 10 PCs. The primary advantage of using PCs to
describe a dataset is the elimination of redundant information
in the form of linear correlations. Additionally, a PCA can re-
duce the dimensionality of the dataset by revealing whether it
can be adequately described with d < m principal components.
However, it is important to note that in this context, the PCA is
not necessarily applied to reduce the data's dimensionality but
rather to decorrelate the ESP data.

2.4 | Mixture of Experts Gaussian Process
Regression

After applying the PCA, we obtain 10 PC time series, which are
treated separately in the subsequent analysis. To describe the

temporal, Gpn,, and Ty,,4 dependencies of each PCj, we use mul-
tiple Gaussian Process Regressions (GPRs). A GPR is a probabi-
listic method that allows for predictions of unsampled inputs,
assuming a Gaussian distribution of measurements. Note that
this assumption applies to a single measurement, which is as-
sumed to follow a Gaussian distribution if repeated under identi-
cal conditions and at the same time. However, we do not assume
that the modeled time series itself is Gaussian distributed. We
utilize GPRs to interpolate desired outputs, for example, a time
series of IV characteristics under constant Gpg, and Ty, condi-
tions, and to estimate the associated standard deviation based
on the available discrete data. That is, the model is designed to
predict the IV characteristic for given inputs of t, Gpg,, and Tyyoq
within the parameter space defined by the observations. It is not
intended for extrapolation or forecasting.

Each PCj time series contains up to N = 65,000 data points. To
mitigate the computational burden, which scales with N> for a
single GPR, we adopt a “mixture of experts” approach [16]. We
split each PCj time series into n monthly subsets, indexed by i, and
train individual GPRS fy;:R* — R. Each fyc; is optimized using
five hyperparameters within a 3D radial basis function (RBF) ker-
nel, which is multiplied by a constant kernel and supplemented by
a white noise kernel. The kernel of each fp; is defined as

- x, — % |]?
K(X,%) = cexp l1x, — %1
21,2

x, —%,||? X3 — %5 ||?

+ 1, 2z|| + [ 13 23|| + o2
2, 21,

@)

where X = [x;,%,,X;] = [Gpoa> Thog» t] Tepresents the 3D input
space of irradiation, temperature, and time, [ is the identity
matrix, and c, I, l,, I;, and o are the five hyperparameters
optimized during training. The use of an RBF kernel assumes
that each PCj varies smoothly with time, temperature, and ir-
radiation. The most influential hyperparameters for the accu-
racy of GPR predictions are the lengthscale parameters [, [,
, and l;, which define the correlation length in the directions
of time ¢, irradiation Gpg,, and temperature Ty4. By training
separate GPRs for each month, the model allows for temporal
variation in these parameters, thereby adjusting the sensitivity
to small changes over time. The hyperparameters are optimized
using the limited-memory BFGS algorithm with parameter
constraints (L-BFGS-B), as implemented in SciPy [17]. To im-
prove reliability, the optimization routine is executed five times
with randomly initialized start parameters. The parameter con-
straints ensure that the hyperparameter values remain within a
meaningful range, preventing unrealistic variations.?

After training the individual 10n GPRs fp;: R* - R, the mod-
els can predict PCj;(Gpoa, Thods t) and the associated standard
deviation opg; (Gpoas Tmods £)- Note that the standard deviation
arises from both data noise and the distance from observed data
points. In addition to providing predictions and standard devi-
ations, the model outputs can be interpreted as probability den-
sities, with each GPR prediction corresponding to a Gaussian
distribution A" (PCji(Gpoas Tnmods 1> 0pcy, (Gpoas Twods D)-

The ESPs can be derived from the PC predictions using the ma-
trix elements py; of the inverse transformation matrix P!
follows:
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10
ESPk,(Gpo» Taods £) = ESPk<1 + Y De;PCiGroas Taioas t)>
j=1

©)

This allows the model to predict the complete IV characteris-
tic at any given t, Gpg,, and Ty;q. The standard deviation of the
ESP predictions can be calculated from opc; (Gpoa> Toas £) USing
the following equation:

10
oL ~2
ospk, (Gpoas Tnmod» 1) = ESPk Z Pj,kalzncji(GPOA’ Troas 1) (4)
j=1

where we assume that the j=1,2,...,10 predictions
PCj,(Gpoa> Tmod» t) are statistically independent, that is, the co-
variance matrix elements opc; pc;, are zero for j # L. Given that
the PCs are linearly uncorrelated (by definition of the PCA) and
that each GPR uses individual hyperparameters for predictions,
this assumption is a reasonable approximation. Furthermore,
because linear transformations preserve the Gaussian property,
the ESP predictions can also be interpreted as Gaussian proba-
bility densities /" (ESPk;(Gpoa» Tnods £ rspk,(Groas Tviods £)-

The model's accuracy is highest for test points [Gpoa, Thogs £]
close to observed data, and the model is not intended for ex-
trapolation. Within these limitations, the model is capable of
extracting, for example, temperature or irradiation dependen-
cies at a specific time, or the temporal development of the IV
characteristic under constant conditions. By splitting the data-
setintoi =1, 2, ...,n monthly subsets, each fPle becomes an “ex-
pert” for the respective month. As the temporal distance from
observations increases, the prediction PCj,(Gpoa, Thoar £) and,
consequently, ESPk;(Gpop, Thod»t) €xhibit increased standard
deviations.

3 | Results

The presented concept is applied to all 45 datasets provided by
TUV Rheinland. Each dataset consists of up to 3 years of IV
characteristic data, along with corresponding measurements of
Tyvod> Gpoa> and time ¢, with up to approximately 60,000 data
points per parameter for various commercial PV modules. The
studied modules include an amorphous/microcrystalline sil-
icon tandem module, a conventional PERC silicon module,
three CdTe modules, and four CIGS modules from different
manufacturers.

The same module types from all nine technologies and manufac-
turers are deployed in Ancona (Italy), Phoenix (USA), Cologne
(Germany), Chennai (India), and Thuwal (Saudi Arabia).
Depending on the module type and location, the operational pe-
riod varies between 17 and 35 months, resulting in dataset sizes
ranging from approximately 29,000 to 65,000 I'V characteristics.
The IV characteristics are measured using programmable loads
at 10-min intervals.

The module temperature Ty;,4 is determined as the average
of two measurements taken with Pt100 temperature sensors
mounted on the back of each PV module. The plane-of-array

irradiance Gpg, is measured using a ventilated pyranometer.
More details on the datasets can be found in [4].

The data was collected approximately 10 years ago and there-
fore reflects the PV technologies that were commercially
available at that time. The focus of this paper is on the pre-
sented model rather than on the analysis of degradation fea-
tures in the specifically used PV modules. For simplicity, we
use an exemplary dataset of a CIGS module (CIGS4) oper-
ated for approximately 2.8 years (approximately 60,000 data
points), beginning on the 1st of November 2013, in Ancona,
Italy, to provide a compact overview of possible applications
of the presented GPR IV model concept. We provide in the fol-
lowing two examples of how to utilize the presented concept
to analyze PV outdoor data, concentrating on the temporal de-
velopment of the shape of the complete IV characteristic and
the determination of the performance ratio (PR) in compar-
ison to a classical temperature-corrected performance ratio
PR;. A third example of utilizing the models output for a phys-
ical analysis using the one-diode model can be found in the
Appendix in Section B.

3.1 | Timeseries Analysis

Figure 2 shows one possible output of the GPR prediction,
a timeseries of the 10 ESPs (and with that a representation of
the complete IV characteristic) over the complete operation
time of approximately 2.8 years at constant Ty;,q = 40°C and
Gpoa = 750 Wm 2 for the exemplary chosen Italy CIGS4 data-
set. Note that the constant conditions are chosen to represent
medium-high irradiation with a realistic module temperature
at such irradiation levels. Compared with typical nominal op-
erating cell temperature (NOCT) at Gpo, =800 Wm ™2 and
T,mp = 20°C being in the range of 40 to 50°C [18].

The output shown in Figure 2 is produced with a 5-month slid-
ing window approach, that is, we use the output PCj;(¢) (constant
Tiog a0d Gpgp) Of fpgj fori=m—2,m—1,m,m+1,m + 2 to pre-
dict PCj(t) for times ¢ in month m using

. "& PG
PO =03 Y, 0 ?

where the standard deviation of the prediction opc ) is deter-
mined from the standard deviation outputs of the five GPR pre-
dictions according to

1
m+2 L ©)

opgi(t) =

2
i=me2 ;)

and the prediction of the five GPRs are weighted with the respec-
tive standard deviation output for the predictions.’ The window
size of five months is chosen to suppress the influence of observa-
tions with a temporal distance of more than three months, that is,
3 months are used as a threshold for the temporal correlation. The
time series of ESPs, including the standard deviation (i.e., ESPk(t)
and opgpi (1)), are determined from PCj(t) and op;(t) according to
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FIGURE 2 | The output of the GPR prediction for a timeseries of
the 10 reconstructed ESPs over the complete operation time of approxi-
mately 2.8 years at constant Ty;oq = 40°C and Gpo, = 750 Wm ™2 for the
exemplary chosen Italy CIGS4 dataset. For the prediction, a 5-month
sliding window approach is chosen, where ESPk(t) and opgp(t) are de-
termined for times ¢ in the mth month according to (3) and (4) from
PCj(t) and opc;(t). The 95% confidence interval for every single predic-
tion is denoted with the gray area.

(3) and (4). The 95 % confidence interval in Figure 2 is defined for
every t as [ESPk(t) — 1.960pgpi(t), ESPk(t) + 1.9605¢p ()] and
denoted with the gray area. Note that the 95 % confidence interval
is defined for each individual prediction and not for the complete
timeseries. Because for each prediction of the ESPs the predicted
probability distribution is Gaussian, where the 95% confidence is
equal to a + 1. 960 environment.

A clear seasonality superimposed with a slight linear decrease
is visible for the four current parameters Isc, Iypps Igmps+
and I, (Figure 2a.c.e,g). For the four voltage parameters
Vocs Vmres Vamps a0d Ve, (Figure 2b,d,fh) the temporal devel-
opment shows a more or less linear decrease, where the slope of
Vymp+ is observed to flatten out. The slope of the IV characteris-
tic at open circuit is described by the parameter R (Figure 2i),
which is observed to be constant over the operation period with
a high standard deviation of the prediction.* For the slope of the
IV characteristic at short circuit, depicted by the parameter Gg
(Figure 2j), one can observe a steady increase superimposed

with a periodic change over the course of the operation time.

The representation of the complete shape of the IV characteristic
in terms of the ESPs enables to quantify the temporal development
of the PV modules performance. First of all, it is clear that a strong

seasonality affects the current level of the I'V characteristic, while a
slight degradation is visible in both the current and voltage param-
eters. The difference in the development of Iy and I;pp already
indicates a loss in the FF over time, as the degradation appears
to be more pronounced in Iypp. Considering the temporal devel-
opment of Gy as well as of V., one can follow that the slope at
SC as well as the complete shape of the IV between SC and MPP
changes, while the shape of the IV between MPP and OC remains
quantitatively the same (rather a constant Ry as well as similar
temporal development of Ve, Vigpp, and V).

Regarding the uncertainty estimate of the ESPs we find the
highest confidence (lowest relative standard deviation) for
the temporal development of the parameter Gy, (Figure 2j).
The uncertainty on the temporal development of the four
current parameters (Figure 2a,c,e,g) as well as on the tem-
poral development of V... (Figure 2f) is comparably higher
(higher relative standard deviations). Nonetheless, one can
clearly observe high confidence for the qualitative temporal
development, that is, the amplitude of seasonality and linear
degradation is comparable to the amplitude of the 95% con-
fidence interval. For the three voltage parameters Ve, Vypp
and Vg, (Figure 2b,d,h) and especially for the parameter Rqc
(Figure 2i), we find a comparably high standard deviations on
the temporal development, where the amplitude of the signal
(temporal variation of the prediction) is lower than the respec-
tive confidence interval.

3.2 | Performance Ratio Analysis

A common way to verify a PV module's performance over time
is the performance ratio (PR) respectively the temperature-
corrected performance ratio (PRy). For the AC/DC output per-
formance, the PR is given by

— EAC/DCGSTC (7)

HPOAP nom

PR _ EAC/DC/Pnom
ac/pe HPOA/ GSTC

where P, is the nominal AC respectively DC output power at
STC conditions, E,¢pc is the integrated AC/DC energy yield,
Ggrc = 1000 Wm =2 is the STC irradiation and Hpg, is the nor-
malized integrated in-plane irradiation for the considered time
span. The PR is defined on a time interval, but is often general-

ized for the DC output power to a discrete time using

P DCGSTC
PR= ——— (8)

GPOAP STC

where we substituted P,,,, = Pgrc for the DC situation. The per-
formance of a PV module and, thus, the performance of a string
of modules or a PV system are dependent on the module tem-
perature Ty.4 The temperature-corrected performance ratio
PR; includes the temperature dependency of the output power
using

P DC GSTC (9)

PR, =
! GpoaPsrc(1 + ¥(Tyioa — Tsre))

As can be seen in (8) and (9), PR and PR; are referenced to
STC conditions. Because STC conditions are uncommon in
real operation scenarios and GPRs are not able to extrapolate
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FIGURE 3 | GPR performance ratio PRgp(¢) (black) prediction for the constant Gpgs = 750 Wm ™2 and Ty;oq = 40°C and classical PRy estimate
(red) using (a) a narrow irradiation band filter of 400 Wm~2and (b) a broad irradiation band filter of 800 Wm ~2referenced to Gp, = 750 Wm~2and
Trioa = 40°C. The gray area and the red error bars depict a 95 % confidence determined from the numerical approximation to the theoretical probabil-

ity distribution of PRgpg(¢) for each ¢ and the distribution of the determined PR, respectively.

to inputs far away from the discrete inputs they are trained on,
a model's output like shown in Figure 2 is not suitable to eval-
uate on classical STC-referenced PR analysis. However, the PR
for distinct constant conditions can be computed by compar-
ing the MPP power output Pypp cpr(f) = Vypp gpr(OIympp,cpr(E)
to the initial Pypp gpr (£ = 0) at the same conditions. As there
is no producer information on the nominal output power at
the respective conditions available and taking only one single
value as reference (P, = Pypp gpr(¢ = 0)) might result in high
deviations when Pypp gpr(t = 0) is not accurate, we define the
initial Pyppgpr as the mean of Pyppgpr(f) in the first 7 days
of operation Pypp gpgli<7q-> Thus, we define a generalized PR
from the GPR IV model at constant Gpp, and Ty,q conditions
as

Pypparr(®) Ve ger(Dhvipp gpr(0)

PRgpr(8) = - (10

PMPP,GPR I t<7d VMPP,GPR |t§7dIMPP,GPR | t<7d

Regarding the standard deviation estimate of such defined
PRgpg, One has to consider the standard deviation of Vypp gpr
and Iypp gpr- As already discussed in Section 2.4, the predictions
of the ESPs can be interpreted as a Gaussian probability density
N (ESPK(Gpop> Taods £)s 0rspk(Gpoas> Tmods £))- For the standard
deviation prediction of PRgpg(¢) the correlation between the two
probability densities of Vypp gpr(f) and Iypp gpr(t) needs to be
considered.® Because all ESPs are a linear combination of the
PCs, we can generalize 4 to determine the covariance between
two ESPs via the matrix elements pj ; of the inverse translation
matrix P! and the matrix elements o'f,cj of the diagonal covari-
ance matrix of the PCs. Formally, we compute the covariance
between ESPk(t) and ESPI(t) given by

10

o pspipspi(f) = ESPKESPI Z Drjo %cj(t D1 an
=1

where P, = ﬁjTl are the matrix elements of the transposed matrix
P~ 'T. With the covariance of Vypp gpr(¢) and Iypp gpg(¢) the stan-
dard deviation op _ (f) can be computed to

2
GVMPP,GPR(t)IMPP,GPR(t) )

opr. (1) =
o Vuregerli<7almep,opr li<7d

2
N < Varrcer(D0 7, 0 (O >

VMPP,GPR | 157dIMPP,GPR | t<7d

12)

2Vnpp,cpr(DIypp crr(D0 Invipp.Grr>Vpp.GeR ® ] :

(VMPP,GPR | t57dIMPP,GPR |t57d )2

While the standard deviation of the probability density for
PRpr(t) can be computed, defining a confidence interval
similar to the confidence interval given in Figure 2 directly
from opg () might not be accurate, as the probability den-
sity of a product of two correlated Gaussian distributed ran-
dom variables is in general not Gaussian. While there is an
expression for an exact solution of the probability density
(compared with [19]), the computation of the exact solution
involves an infinite sum of modified Bessel functions and
is not applicable without an approximation (e.g., setting a
limit for the infinite sum). To compute a confidence interval
for PRpr(t), we use an alternative approach approximating
the probability density with a numerical solution. We gen-
erate n, = 10° random distributed variables according to the
2D multivariate Gaussian distributed probability density
(N (Iypp.gpr(Ds "IMPP,GPRO))’ N (VMPP,GPR(t)’"VMPP,GPR(t))) with co-
variance "IMPP,GPR,VMPP,GPR(O and compute the probability density
of PRgpr(t) for each t. The probability density computed this
way approaches the exact solution with n, — oo.

Figure 3a shows the temporal development of the PRgpg (black,
including 95% confidence interval for each t in gray) for the
constant Gpgs = 750 Wm ™2 and Ty,,q = 40°C. In Figure 3, the
PRpg is further compared with a classical determined monthly
temperature-corrected performance ratio PR, (red, includ-
ing 95% confidence) referenced to Gpop rof = 750 Wm™2 and
Tyod.ret = 40°C. For the determination of the classical PRy, we
use 9 and substitute the STC with the reference conditions, in-
sert Ppc = Pyppmeas and further use Pyppl;7y from the GPR
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prediction as reference for the initial output power at the refer-
ence conditions. This results in the expression

PR.. = 750 Wm72 PMPP,meas (13)
r=
Gproameas Pypp ger li<7d(1 + 7(Tyiod meas — 40°C))

where the temperature correction coefficient y is determined by a
linear fit to the filtered dataset. The shown temperature-corrected
PR is a commonly used monthly PR, where all measurements in a
narrow irradiation band 550 Wm ™2 < Gpg, < 950 Wm ~ 2 around
the reference irradiation Gpp, = 750 Wm ™2 are used for the de-
termination of the average PR, and its 95% confidence interval.
Thus, the 95% confidence interval is defined as the interval be-
tween the boundaries set by the 2.5% and 97. 5% quantile of the
distribution of determined PR in the respective month.

One can observe a strong acclimatization effect within the
first few months of operation overlaid with a seasonality and
a long-term degradation for both PR estimates. The PR, de-
termined with the classical monthly approach, matches qual-
itatively the PRgpg, while a slightly higher standard deviation
can be observed for the classical approach. Furthermore, we
observe for some months PRy values several percent below the
PRgpg, remaining within the 95% confidence interval of the
GPR prediction. While the GPR prediction uses all available
information of the performance measures at different condi-
tions within one month,® the narrow irradiation band filter
reduces the dataset to =~ 22 % and such to a share of the dataset
that can not be expected to be representative of the complete
dataset.

Despite reducing the dataset to a small share of itself, these
narrow irradiation band filters are a common choice while de-
termining the PR respectively PRy of PV modules and systems.
Besides the effects of the low-light performance of PV mod-
ules gaining more influence on the result, for the determina-
tion of the PR a broader irradiation band filter would further
increase the influence of the operating temperature, highly
correlated with the Gpg,. Such a PR estimate would experience
an increased standard deviation. For the PRy, the effect of the
operating temperature is reduced due to the linear correction
coefficient, but can still affect the result in the presence of non-
linear temperature effects. Figure 3b underlines the increas-
ing standard deviation of the PR, with increasing width of the
irradiation band filter. Here, PRjpg is compared with the PR,
calculated from a filtered dataset with a doubled width of the
irradiation band filter, averaging Pypp for all measurements for
Gpoa With 350 Wm ™2 < Gpp, < 1150 Wm ™2 Note that despite
the choice of a broad irradiation band filter, the dataset is re-
duced to = 42 % in this case.

From the comparison of Figure 3a,b, we find, as expected,
an increased standard deviation for the PR, estimate with a
broader irradiation band filter. Furthermore, one can observe
clear deviations of PRgpg(t) and PRy, where PRy is found to
be reduced in the summer months® and this way in operation
at higher ambient and resulting in higher operation tempera-
tures. This effect of temperature in the time series of PR shows
one major downfall of the classical PR approach. Equation (9)
only accounts for temperature and irradiation dependencies

in terms of linear dependencies using a single correction co-
efficient. In comparison, for example, the IEC60891 norm
commonly used for temperature and irradiation corrections of
IV characteristics [20] accounts for 6 correction coefficients.
Furthermore, while observing degradation mechanisms in PV
modules it is expected, that correction coefficients might also
change over time, leading to the increased inaccuracy of the
classical PR; method.

On the other hand, the PR analysis using GPR prediction al-
lows for arbitrary temperature and irradiation dependencies
in the data, allowing the dependencies further to change over
time. Furthermore, the GPR PR analysis does not require to
exclude a large part of the data, as the influence of each data
point is weighted according to the respective distance in tem-
perature, irradiation and time. Therefore, we argue the GPR
PR analysis is a more accurate alternative to classical PR anal-
ysis techniques.

4 | Validation

With the two examples shown, we have introduced some possi-
ble outputs of the GPR IV model without addressing its accuracy.
To this end, we use the trained GPRs fy¢; to validate their per-
formance regarding recreating the training data (observations).
Because each GPR is inherited to recreate its own input with
an accuracy of the estimated noise level, validating a GPR on
its own training input has little to no information on the per-
formance. For validation, there needs to be a clear separation of
training and test data, where no test data are used for training
the model. To further ensure a temporal separation of training
and test data, we compare the input of the PCj,,(t) (ESPj, (1)),
that is, the observations in the mth month, with the overlaid
output ofchji fori=m-2,i=m-1,i=m+landi=m+2,
that is, the predictions of the four GPRs trained with the data
of the two months before and after the month of consideration.
Formally, we compute

chval,m(GPOA’ TModﬂ t)

PCj(Gpons Tagoas ©)

2 i{(Gpoas Tmods

= O-PC'(GPOA’ TM d» t) .~ -
! ° i:m;a, G%Cji(GPOA’ Thioa» 1)

m+l,m+2

(14)

for all distinct observations in [Gpgpa, Tyeas t] fOr ¢ in month m
and determine ESPk,,,,(Gpoa> Toq» £) analogously to 3. This
way, we use four instead of five months (w.r.t. the predictions
shown in Section 3) for training and the fifth month as test data
repeating the procedure for each month of the complete dataset.
This results in the commonly used training-to-test ratio of ap-
proximately 80:20. Due to the reduced input for validating the
prediction for the first and last month (67:33 ratio) as well as for
the second and second to last month (75:25 ratio) of each dataset,
the actual training to test ratio is a bit lower than the 80:20 ratio.
Note that due to the sliding window approach, the validation of
the model does not result in a high additional computation time,
as the already trained GPRs respectively optimized hyperpa-
rameters are used for the predictions.

We compute the difference of prediction output
(ESPKy1 ,n(Gpoas Tyiogs ) and  the  test  observations
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FIGURE4 | GPR performance validation in terms of the R?values of
each ESP prediction, reconstructed from 10 PCs. The PC prediction is
computed according to (14).
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FIGURES5 | GPR performance validation in terms of the R? values of
each ESP prediction, reconstructed from seven PCs. The PC prediction
is computed according to (14).

(ESPk,,;(Gpoas Taods 1)) for each month m of the dataset and set
the performance of the models prediction in comparison to the
difference of observations to their mean using

& —q_ L (ESPki, —ESPky)’
Fsp Z (ESPktest - ESPktest)z

15)

Illustratively, a R?> = 0 translates to the prediction having the
same RMSE of a model that would predict a constant ESP for all
measurements independent of Gpg s, Tyog and . The maximum
possible value for R? is one (100 %), translating to a perfect pre-
diction with no deviation for all test data points.

For the 10 ESPs, we find median R? values between 91.7% and
99.4% among all 45 datasets (five locations, nine modules).
Figure 4 shows a boxplot of the R? values of each ESP, recon-
structed from 10 PCs. The orange line denotes the median R?, the
box denotes the range of the first to third quartile, the whiskers ex-
tend from the box to the farthest data point lying within 1.5 times
the inter-quartile range (IQR, the distance between the first and
third quartile) and the single points denote individual R? values

outside the described ranges. Note that the logarithmic scale of the
y-axis is chosen such that it captures the relevant range of R? val-
ues with increasing resolution toward most often observed high R?
values close to 100 %. For the four current parameters, we find high
R? values among all 45 datasets, with only a few outliers below
98% and the majority above 99%. The three voltage parameters
Vocs Vappand Vg, are predicted with median R? values around
96%. The median accuracy of Vo, , Roc and Gy is between 91.5%
and 94.5%. In total, we find only very few outliers of predictions
with R? values below 70 %. Note that the R? values evaluate the
model's performance relative to the variance of the observations
around their mean. As the measured voltage parameters are more
accurately represented by their mean compared with the current
parameters, it is not surprising that significantly higher R? values
are observed for the current parameters.

Due to the decreasing amplitude of the PCs, the validation can
further be used to evaluate, if the PCA reduces the data to a
lower dimensional representation. We find no improvement
regarding the R? values using more than seven and eight PCs,
respectively, depending on the dataset. Thus, the ESPs can be
reduced to a seven to eight-dimensional representation, and the
computation time can be reduced to 70%-80%. To visualize this
high performance already observed using seven PCs, Figure 5
shows the boxplot of the R? values for the ESPs reconstructed
from seven PCs (computed with limits of the sum in (3) of [1,7]).
Comparing Figures 4 and 5, we find only slight deviations for
single parameters in some datasets.

The R? values give a reasonable indication of how well a model
performs, setting the performance in comparison to the deviation
of the respective data from its mean. For PV outdoor data analysis,
it might be of greater interest to evaluate on (mean) absolute devia-
tions of the prediction, as they determine the accuracy regarding a
PV modules performance (and yield). Figure 6 shows the histogram
(gray) of the absolute deviations AESPk = ESPkgpgr — ESPk,., Of
the from seven GPR predicted PCs reconstructed ESPs (ESPkgpg)
from the real test data of ESPs (ESPk,,) for the exemplary chosen
Italy CIGS4 dataset. The standard deviation of the histogram oy;
is given in each subplot in black.

Furthermore, Figure 6 depicts the from the GPRs predicted
probability density of deviations (red), that is, the prediction of
the histogram according to the GPR output. Each GPR predic-
tion has an individual predicted standard deviation (compare 6),
that is, every prediction PCj(Gpoas Tyoas £) Of the GPRs fic; can
be interpreted as a predicted Gaussian probability density
N (PCj(Gpons Tnods 1> 0pci(Groas Tmoas 1))-  The  prediction
ESPk(Gpoas Taod t) is @ linear combination of the predictions
PCj(Gpoa»> Tamoa» ) (compare 3). In the approximation, that the 10
predictions PCj(Gppa, Tod, t) are statistically independent for
each input of [Gpgpa, Tymoas t] (see Section 2.4), the prediction
ESPk(Gpoa> Tmod» t) can be interpreted as a Gaussian probability
density W (ESPk(Gpoa» Tviod» 1> espi(Gpoas Tmoa» 1)), Where
6spi(Gpoas> Thods t) 1S determined analogously to 4 from the pre-
dictions  PCj(Gpops> Tmoq»t) and  standard — deviations
0pci(Gpoas Tmods £)- Considering deviations from the prediction
sets the mean of each normal distribution to zero resulting in the
prediction  of the  probability of deviations to
N0, 655pk(Gpoas Tiods t)) for each coordinates [Gpoa, Taiods £
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FIGURE 6 | Histogram (gray) of the absolute deviations AESP = ESPpz — ESP,; of the from seven GPR predicted PCs reconstructed ESPs from
the real test data of ESPs for the exemplary chosen Italy CIGS4 dataset. The histograms standard deviation oy, is given in black. The GPR predicted
probability density, representing the sum of Gaussian distributions of deviations with standard deviation o¢pg, is depicted in red.

Our set of N test data points and the respective n=1,2,..,N
input vectors [Gpoa, Twmods t], can essentially be interpreted as a
random choice for a subset of coordinates [Gpgp, Taods t)-
Exploiting the law of total probability and substituting n for
[Groas Taiods ], the probability densities for the deviation of each
test point n (p,(AESPk) = #/(0, oggpr(n)) can be summed up to
receive the predicted joint probability of deviations from the
model prediction

N
P(AESPk) = ]% Y Pa(AESPK) (16)
n=1

where the sum of the predicted deviations is divided by the num-
ber of tests data points N for normalization. In general, this sum
of multiple Gaussian probability densities reflects a Gaussian

mixture model and might be Gaussian in specific scenarios, for
example, in case all individual standard deviations are identical.
However, regardless of this, the resulting standard deviation can
be computed and is given by

/ (AESPk)? P(AESPk) dAESPk

a7

& N
= / (AESPk)Z% Z p,(AESPk) dAESPk.
n=1

-

Because p, (AESPk)is a probability density, it holds p,,(AESPk) > 0
and according to the Fubini-Tonelli theorem [21] it follows
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M=

2
Thsp ()

(18)

N
1 1
OGPR = Nz N

n=1

/ (AESPK)? p, (AESPk) dAESPk =
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—

n:

where we use, that the standard deviation of p,(AESPk) is given
by opgpr(n). In every subplot in Figure 6 ogpg is given in red for
reference.

We find standard deviations of the deviation histograms for the
current parameters Isc, Iypp, Igmps a0d Iy, in the range of 14.8
to 23.8 mA (compare oy, black). If we compare these absolute
deviations to the mean of the time series data in Figure 2, we find
relative deviations in the range between 2.3% and 2.6%. All abso-
lute and relative deviations of the prediction are summarized in
Table 1. For the voltage parameters Ve, Vipps Vamps a0d Vo
we find absolute deviation in the range of 1.17 to 1.36 V (o
black) and compared with the time series at Gpp, = 750 Wm ™2

and Ty;,q = 40°C, relative deviations in the range of 1.3% to 2.4%.

Comparing the histogram with the GPR predicted probability
density (red) for the current and voltage parameters, we find,
that all eight deviation distributions are heavy tailed compared
with the GPR predicted probability density, where the effect is
more pronounced for the four current parameters. Especially
for the four voltage parameters, the GPR predicted deviation
qualitatively matches the real distribution of deviations, while
the standard deviation of the real distribution of deviations
oy matches the predicted GPR standard deviation o pg for the
four current parameters. Table 1 further summarizes the GPR
predicted standard deviation opy for all parameters. For the 8
current and voltage parameters the GPR predicted standard de-
viation is in the range of 0.9% to 2.5% relative to the mean of the
time series at Gpo, = 750 Wm ™2 and Ty;,q = 40°C.

For the parameter Gy, we find similar to the eight current and
voltage parameters a heavy tailed distribution, which is qualita-
tively well described by the GPR predicted probability density.

TABLE 1 | The absolute and relative deviations of the GPR ESP
prediction.

Parameter Ohist OGPR
abs. rel. abs. rel.

I 23.8mA  2.3% 247mA  2.4%
Typp 22.1mA  2.5%  22.3mA  2.5%
Iqmer 23.5 mA 2.4% 24.1 mA 2.5%
Iqmp_ 14.8 mA 2.6% 14.5 mA 2.5%
Vo 1.17 V 1.3% 0.84 V 0.9%
Varep 1.36 V 1.8% 1.10V 1.5%
qup+ 1.32V 2.4% 1.12V 2.0%
Vmp. 1.26 V 1.5% 0.96V  11%
Gsc 24.4 ﬁ 6.9% 12.4 ﬁ 3.5%
Roc 59.0 Q 648 % 10.5Q 115%

Furthermore, one can see, that the tail of the distribution is more
pronounced for negative AGg.. The relative deviation of AG,
however, is much higher. we find an absolute deviation of Gy of
24.4 ﬁ and a relative deviation of 6.9% compared with the mean

of Gy in Figure 2. In comparison with the current or voltage pa-
rameters, Gg is not directly dependent on irradiation and tempera-
ture, thus more influenced by more subtle factors, like noise in the
IV measurement and such expected to have a higher relative vari-
ance. Furthermore, we attribute the observed comparably high
relative mean deviation of G as well as the observed one-sided
heavily tailed distribution with the definition of Gy as a slope.

For the parameter Ry, we find a high discrepancy between the
shown histogram (gray) and the GPR predicted probability density
(red). This high discrepancy can be explained by (systematic) out-
liers to high R values in the dataset, which are not captured with
the GPR prediction, as they cannot be described adequately with
the assumption of Gaussian noise. The standard deviation predic-
tion of the GPR is, however, clearly affected by the blatant outliers
predicting an unreasonable high uncertainty of the prediction,
for example, the GPR predicted probability distribution (red) does
not match the histogram (gray). Neglecting these outliers would
result in a standard deviation of the histogram oy,;, more than one
order of magnitude lower, depending on the cut-off deviation, after
which outliers are neglected. Because R also describes a slope (at
0C), a similar argument as for Gg applies, where a higher relative
variance is already expected.

5 | Summary and Outlook

This paper has introduced a statistical model for how to ana-
lyze PV outdoor data. First the general concept of the model
has been discussed. Starting with the compact description of
IVcharacteristics using the ESPs, a suitable filtering approach
is applied. Afterward, the ESPs are processed with a principal
component analysis (PCA). The main step is then temporally
splitting the PC timeseries and training individual Gaussian
process regressions (GPRs) using Gpna and Ty,q and the time ¢
as input. Once the GPRs are trained, the model can reproduce
and predict the complete IV characteristic at any given time
t, Gpoa and Ty,4 incorporating the standard deviation of the
ESP prediction based on the data noise and distance from the
observations.

To underline its usability, the presented concept is applied to
represent the IV characteristic in terms of the 10 ESPs clearly
showing superimposed acclimatization, degradation and sea-
sonality effects in the respective parameters. Furthermore, the
model is utilized to determine a PV module's performance ratio
over time and compared with a classical monthly temperature-
corrected performance ratio approach. Especially regarding the
uncertainty estimate resulting from the GPR predicted standard
deviation we find an improvement of the PRgpg estimate over
the classical PR approach.

Finally, the presented concept is validated using a common
80:20 training to test data ratio, while keeping training and test
data temporally separated. The overview of the model's perfor-
mance measure R? over all 10 ESPs and all 45 datasets shows
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consistently good accuracy of the model for a wide range of
technologies operated in different climates. For one exemplary
subset, the accuracy of the model is discussed in more detail,
showing low relative deviations in the prediction of the majority
of ESPs, while being consistent with the model's prediction for
its standard deviations.

The presented model widens the possibilities in the field of PV
reliability monitoring and PV degradation analysis. The manage-
ability of big datasets is ensured due to the compact description in
terms of the ESPs and a temporal split of the data. The accuracy
of the model is validated for different locations (climates) on dif-
ferent module types. Furthermore, only the feasibility to measure
in-field IV characteristics, module temperature and irradiation is
presupposed. As a result, that provides for the concepts presented
many applications. Especially the possibility to set the results into
context of their standard deviation enables to quantify the confi-
dence of the results. Further, if only parts of the IV are available,
for example, the SSPs or only AC or DC output voltage, current
or power, the concept of training monthly GPRs is still applicable.

With rising accessibility to high computational power and the
possibility to utilize Graphics Processing Units (GPUs) for ma-
trix multiplications, GPRs become more and more applicable to
big datasets [22]. This way, the presented approach could be up-
dated in the future to bigger subsets or by a single GPR on each
timeseries. Furthermore, the model can be utilized to compare
different filtering approaches, as the applicability of GPRs to
data remains on Gaussian distributed errors in the data and can
help to detect the presence of systematic errors.
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Endnotes

!n particular, the computational complexity, as GPR optimization
scales with N3, where N is the number of data points.

2 For example, if a lengthscale parameter becomes very large relative to
the dataset's variation in the respective direction, further increasing
the lengthscale has no visible effect on the GPR outcome.

3 Note that we use here the formulas for the with the standard devia-
tion weighted average of multiple individual measurements, that is,
we treat each prediction from the monthly GPRs as individual predic-
tions with given (predicted) standard deviation.

4 Note that negative R values do not occur in IV characteristics mea-
sured under steady conditions. The uncertainty estimate for R thus
primarily arises from deviations toward higher R values, resulting
in a one-sided tailed distribution. One could argue that the graph and
the lower confidence interval in Figure 2i should be constrained to
zero as a physically meaningful boundary for R .. However, because
Gaussian process regression (GPR) predictions follow a Gaussian
distribution, the uncertainty output is also Gaussian. As a result, the
representation in Figure 2i is mathematically more accurate.

5 Note that the choice of the reference output power is not arbitrary and
might affect the absolute PR.

6 Arguably, the uncertainty on the reference power output
Pprpp gpr |1<74 might need to be considered as well. Here, we neglect
the influence of the uncertainty on the reference power output for
two reasons. First, this reference value would be ideally substituted
by available manufacturer data on the modules performance, making
the task of the estimation of the standard deviation of the reference
power output obsolete. Second, a possible deviation of the actual ini-
tial power output and the chosen reference affects all computed PR
estimates (and the later computed standard deviations) by the same
factor. This way, the uncertainty originating from the reference can-
not be directly compared with the GPR standard deviation prediction
resulting from noise and missing data and would need to be treated
separately.

7 Note that for the determination of PRy the dataset is also filtered
with the GPR filter as described in Section A, before applying the
additional narrow band irradiation filter. Such the presented PR is
already corrected from possible influences due to outliers resulting
from shading of the module respectively the irradiation sensor.

8 The contributions of each measurement are weighted differently.

° Note that the operation of the CIGS4 module operated in Italy started
on the 1st of November 2013.

10 Note that the incorporation of the covariance would lead to slightly
higher standard deviations. The used approximation consequently
leads to an underestimation of the standard deviation.

1 Note that for the predictions there are limitations arising due to the
parameter space of [Gpgpa, Tvods £] cOvered by the observations and
associated high standard deviations for predictions that need to be
extrapolated.

12 Note that the seasonality appears to have a slightly lower period than
1 year. We attribute this discrepancy to the overlay of effects in the
product of N n;4(showing strong acclimatization) and E, (showing an
overlay of acclimatization, seasonality and degradation).
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Appendix A
Filtering
A.l | Concept

From the TUV datasets, we used the time series of Igc, Tyoq, and
Gpoa- The individual datasets consist of up to N = 65,000 data points.
Assuming rather constant conditions of the PV module and neglect-
ing second-order spectral effects, Igc is dependent only on Ty;q and
Gpoa- To describe these dependencies of the short circuit current, we
split the dataset into 20 random subsets and fit a GPR f; ‘R 5 R
model to each of thei=1,2,...20 subset. The splitting of the dataset
is necessary as the computatlon time of GPRs scales with N3, that is,
we chose an approach, that can be compared with a bootstrap aggre-
gating approach to reduce the computation time. For each subset, we
fit the three hyperparameters of a two dimensional (2D) RBF kernel
with an added white noise kernel. The kernel of each f; ; is defined
as

KX, X)=ex
p< 21,2 21,2

=112 =112
X, — X Xy — X,
N | >+62n A1)

Where X = [x;,%,] = [Gpoa> Tmod] Tepresents the 2D input space of ir-
radiation and temperature, [ is the identity matrix and [;, [,, and ¢ are
the three hyperparameters to be optimized during training of each f_ o
The hyperparameters are optimized using the limited-memory BFGS
algorithm (L-BFGS) implemented in SciPy [17].

Subsequently, we compute the predicted Isc;, for each of the
n=1,2,...,N points of the dataset from each individual GPR and
the, with the standard deviation Olscin weighted, overlay of the
i=1,2,...,20 predictions Isc,. We assume here statistical indepen-
dence of the respective Ic; , predictions for each n, as they are based
oni=1,2,...,20 random subsets, to compute the standard deviation
o5, Neglecting the covariance between individual predictions. We
justify this assumption with the individual optimized hyperparame-
ters and the individual subsets used for training.!® The overlay of pre-
dictions has two advantages. First, individual outliers only affect the
prediction of individual fISC,i and thus only the individual predictions
Isc,i for each point n. Assuming no aggregation of outliers toward
a specific combination of Gpg, and Ty,q combination, individual
outliers only affect 5% of the predictions, whose results are overlaid.
Second, the predictions Igc;, of the ith GPR that are trained with
many outliers, as well as predictions Igc; , of the GPRs at points n with
Troq and Gppu conditions far from the ith training input, will result
in Igc; , predictions with high associated standard deviations Olscin’
Overlaying multiple individual GPRs will suppress the influence of
outliers and lack of information in individual GPRs. Note that each
GPR only uses 5% of the available data as training input and might
not cover the complete 2D input space of Ty;,q and Gpg,.

To filter the data, we use a filter with a very high threshold devia-
tion of the measured Igc, set at 20 standard deviations o} from the
predicted Ic ,. Note that because the incorporation of the Covariance
would lead to slightly higher standard deviations, the used threshold
of 20 oy reflects an effective threshold slightly lower than 20 stan-
dard dev1at10ns This filter only excludes data points, which cannot
be explained by statistical uncertainty in the measurement. In other
words, the GPR predicts a probability density of measuring I at the
respective input conditions Ty,q and Gpo,s and the filter is designed
to exclude data points, that show a very high deviation from this
predicted probability distribution. Note that this approach inherits
the assumption, that all measurements exhibit ideally only statisti-
cal noise. This assumption is not valid in the presence of systematic
errors. However, in case the data would only exhibit only statistical
noise the filter presented would filter a share in the order of 10~%7 %
(probability of a Normal distribution to find a measurement outside of
20 standard deviations) and such virtually no data. The high thresh-
old is chosen to account for any possible changes over time of Iy,
which are not described within this filter. Effects of degradation and

seasonality in the short-circuit current typically show low rates and
exhibit low amplitudes over the approximately 3-year span of opera-
tion in the datasets under consideration. The high threshold ensures
that these effects are not filtered out.

As this high threshold only excludes extreme outliers, the filtering pro-
cess is applied iteratively. In each iteration, the most extreme outliers
are detected and removed, which reduces the subsequent standard de-
viation (as the standard deviation, due to the quadratic weighting of de-
viations, is strongly affected by outliers). The iterative process can be
continued until no extreme outliers are detected, here a threshold of 4
iterations is chosen. Note that the iterative nature of the approach leads
to little respectively virtually no influence of adapting the threshold a
bit lower or higher. This iterative method effectively rejects the tails of
distributions, ensuring that the resulting distributions have no data
points beyond 20 standard deviations from the mean. Thus, the filtered
distributions become more Gaussian, because systematic errors are fil-
tered out. In this work we limit the iterative process to a fixed number
of iterations.

A.2 | Gaussian Process Regression Filtering Results

The presented filtering concept is applied to all 45 TUV datasets. The
share of filtered data in the individual datasets varies between 1. 6 % and
4.4%, where in total 2.6 % of the =~ 2,200,000 data points are filtered
out. It is noticeable, that the share of filtered data does not vary much
among one location. As the modules operated at the same location are
positioned close to each other, the probability of different effective irra-
diation of the PV module and the irradiation sensor leading to outliers
is correlated. Furthermore, the same irradiation sensor is used for all
datasets at the same location, resulting in (partial) shading of the ir-
radiation sensor affecting all datasets of the location in the same way.

Figure Al shows a scatter density plot of measured Gppy versus Igc for
the exemplary chosen unfiltered (a) and filtered (b) Italy CdTel data-
set after four iterations of the applied GPR filter. As expected, the short
circuit current is linear in the POA irradiation. It is observed, that the
density of measured [Gpga, Isc] pairs decreases with increasing devia-
tion from the linear trend, that is, slightly different effective irradiation
on the PV module and the irradiation sensor is more likely than large
discrepancies. Furthermore, we find no clusters with a high scatter den-
sity deviating from the observed linear relationship.

The first iteration of applying the GPR filter clearly removes only ex-
treme outliers with a share of 1.0 % of the dataset. The second and third
iteration of applying the GPR filter remove 1.1% and 0. 8 % of the exem-
plary chosen Italy CdTel dataset, respectively. The fourth and final iter-
ation removes 0.4 % of the Italy CdTel dataset. From Figure A1, one can
see that the filter reliably removes outliers with high deviations from
the expected relationship between Igc and Gpg 4. This trend of a decreas-
ing share of removed data with more iterations of applying the GPR
filter is observable across all 45 datasets. This occurs as the distribu-
tions become more normal and less tailed. As the distributions become
more Gaussian, the share of data that can be accurately predicted using
GPRs increases, resulting in fewer points being filtered out with each
iteration. The applied GPR filter removes reliably data points where the
measured Gpoa, Thoq and Igc show a high deviation from the expected
relationship. In general, the GPR filter presented here is applicable on
any dataset, where Gpoa, Thyoq and Igc are available. IV characteristics,
where the measured I does not match (in a given uncertainty) the ex-
pectation based on the measured Gpg, and Ty,q are hard to interpret,
because an interpretation w.r.t. the PV modules performance or effi-
ciency is only possible taking the conditions the IV is measured at into
account. On one hand, the filter removes outliers that originate from
different irradiation levels on the PV module and the irradiation sensor
reliably. On the other hand, the filter only accounts for this particular
cause of systematic errors in the dataset.

The major limitation of the filter is the inability to differentiate between
a signal in the data and a systematic deviation, that is, the GPRs do not
incorporate the temporal development of the Ig- due to acclimatization,
seasonality and degradation effects. These effects (the signal in the time
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FIGURE A1 | Scatter density plot of Iy versus Gpg, for the (a) unfiltered and (b) filtered Italy CdTel dataset after four iterations of applying the

GPR filter.

series of Igc) are overlaid with statistical noise and systematic devia-
tions, which leads to further broadening of the probability distribution
measuring Igc at conditions Gpgp and Tyoq. A reduced threshold for the
filter, as well as each iteration of applying the filter, increases the prob-
ability of removing valid data points. Due to this limitation, the filter is
utilized to remove only outliers with high deviations from the expec-
tation, which cannot be explained with any mechanism relevant for
the further analysis. Using the scatter density plot, we further demon-
strate that the data, which is filtered out, does not show any clustering
regarding high scatter densities at specific Igc and Gpg, combinations
deviating from the linear relationship. As the effects of acclimatization,
degradation and seasonality exhibit, in general, low amplitudes, that
is, long lengthscales for changes in I are observed, the signal in Igc
cannot explain unclustered deviations from the predicted probability
density targeted and excluded with the applied filter.

Appendix B
Physical Analysis Using the One-Diode Model

In Figure 2, we show one possible output of the GPR IV model, where
the IV characteristic respectively the ESPs are shown over time for
one constant set of irradiation and temperature conditions. However,
from the trained GPRs, one can reproduce the ESPs at arbitrary con-
ditions, enabling multiple applications.!! One possible application is
to fit a physical model to a given produced output. To cover the range
of irradiation intensities and module temperatures occurring in op-
eration, we compute the timeseries prediction of the ESPs for the ex-
emplary chosen Italy CIGS4 dataset for multiple combinations of
the two conditions, where we use Ty;,q = 10,20, 30,40, 50,60°C and
Gpoa = 100,250, 500, 750, 1000 Wm ~2. With the output of a total of 30
timeseries of ESPs at constant conditions, the temperature and irradia-
tion dependent one diode model is fitted to the predicted IV data.

Utilizing the well-known one-diode model equation for the current-
voltage relation in a solar cell, accounting for N number of cells con-
nected in series and assuming a temperature-activated recombination
current results in

3
T — Tsrc)E,
1) =100< L ) exr(ﬂ)
Tstc kTsrcT
Tsre =TV —=I(V)R V-I(V)R
[exp(e( STC )( ( ) s)>_1]+ ( ) S _IPh(G,T),
NnigkTsrcT Ry
(B2)
where E, is an activation energy and
G
Ipy(G,T) = G 1+ a(T = TsreDIpnstC (B3)
STC

similar to the IEC60891 temperature dependency of the currents in
[20] substituting I; = Ipp, gpc. With the fit of B2 and B3 to the timeseries
of ESPs at the distinct conditions using the PV-CRAZE library [13]
the result is a timeseries of the parameters Rg, Rgy, Ipy g, Nnig, Ipo, @
and E,. We find a better fit is obtained with PV-CRAZE, if the fitting
is repeated several times and the best optimum is selected (some fit-
ting algorithms used by PV-CRAZE are probabilistic). In this work, the
fit was repeated 23 times in a trade off between computation time and
fit error. Figure B1 shows the development of the extracted parameters
Rs, Rghs Ipn g, Nnyg, Iy, a and E, over time, enabling to physically in-
terpret the temporal development of the performance of the operated
CIGS module. Furthermore, the root mean squared error (RMSE) of the
fit is shown.

First of all, we observe a strong acclimatization effect most promi-
nent in the shunt resistance Rg;, (Figure Ble), the activation energy E,
(Figure B1g), as well as in I,,, Nn;qand Rg (Figure Bla,b,d). In the first
few months of operation, the Rg, is reduced from over 5 kQ to less than
2 kQ and the activation energy drops from 0.7 to 0.5 eV. Comparing the
temporal development of I, and Nn;4 (Figure Bla,b), we find a strong
correlation between the two parameters. The observed increase in dark
saturation current Iy, is associated with an enhanced ideality factor
(Nnyq increases and N is constant). This suggests, that there is a change
in the most prominent recombination mechanism, that is, either a re-
combination process with low ideality is reduced or a recombination
process with high ideality enhanced. Furthermore, the series resistance
shows an acclimatization effect, where the diode model fit finds two
solutions, one close to the initial Rg between 5 and 6 Q and one solution
between 1 and 2 Q. This effect where the solution alternates between
two values is also visible in the RMSE, indicating the solution alternates
between two local minima with distinct Rg values. Inspection shows the
slightly smaller errors are associated with the more constant Rg solution
between 5 and 6 Q.

Besides the described acclimatization effects, a strong seasonality is
visible for the photo-generation current Ipy grc (Figure Blc). With the
metastable nature of CIGS solar cells and modules in mind this clear
difference in performance in winter and summer is not surprising.
Furthermore, a seasonality contribution is visible in E, (Figure Blg),
the temperature coefficient a (Figure B1f) as well as in the RMSE
(Figure B1lh), which implies a slightly better accuracy in winter.

We find contributions of a linear degradation for the parameter Rg;, and
a (Figure Ble,f). A linear degradation over the complete operation pe-
riod is further observed for the activation energy E,, where a slight lin-
ear reduction is overlaid with the seasonality and the acclimatization.
Assuming SRH recombination, the activation energy is expected to be
dependent on the ideality factor, where the activation energy can be re-
placed by the quotient of the band gap energy and the ideality factor
(E,= n—_g). To this end, we correct the activation energy for the ideal-
ity factSr influence. Figure B2 shows the temporal development of the
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FIGUREB1 | Onediode model parameters timeseries prediction fitted to a GPR predicted timeseries matrix at different irradiation and tempera-

ture conditions for the Italy CIGS4 dataset.

product Nn;4E,. We find a clear linear degradation overlaid with a sea-
sonal variation.!? This further indicates a more complex change in the

prominent recombination mechanism over time.

Comparing the qualitative development of the diode parameters with
the PRgpg in Figure 3a,b, we attribute the acclimatization effect to a
change in the prominent recombination mechanism overlaid with
a reduced shunt resistance. The relative amplitude of the seasonality
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FIGURE B2 | Product of the one diode model parameters timeseries
prediction Nn;,E, fitted to a GPR predicted timeseries matrix at differ-
ent irradiation and temperature conditions for the Italy CIGS4 dataset.

matches well with the seasonality observed for the photocurrent and
the long-term degradation is influenced by multiple factors, such as the
further reduced activation energy and shunt resistance.
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