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ABSTRACT: In the framework of the new H2020 project TRUST PV, the Cost Priority Number
methodology, a cost-based failure modes & effect analysis method, is tailored for its application onto real-case
studies during the operational phase of a PV plant. Thereby, it is possible to calculate the energetic and
economic losses for each individual failure by combining actual technical characteristics of the failure tickets,
the operational costs of fixing those failures, and the power loss due to the failure occurrence. In this work,
different empirical, machine learning and univariate models have been tested to find the optimal model to
impute power data for all possible scenarios of missing performance data. The parameter space comprises of
the amount and type of missing data, the ratio between training and test set and the predictor availability.
Overall, the most desirable setting for highly accurate data imputation is the availability of a neighbouring
string/plant or measured climate data as predictor with a high training/test set ratio for small test sets and ratios
between 80/20 to 50/50 for bigger test sets (longer than 12 hours). In general, machine learning imputation
models and empirical power models perform similar for smaller test set sizes and machine learning models are
preferrable for bigger data gaps. Univariate methods should be avoided if possible.
Keywords: PV systems, PV system performance, Data imputation, Data quality
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INTRODUCTION

In recent years, the photovoltaic (PV) industry
experiences considerable advancements in the operation
and maintenance (O&M) of PV power plants. The aim is
to increase plant performance and availability while
decreasing costs. During the operational phase of a PV
system, O&M concepts are key tools to achieve these
goals through a decrease in the number and severity of
performance impairing events. Advanced O&M routines
consist of smart and site-specific preventive maintenance
solutions and improved corrective maintenance, which is
characterized by a reduced detection time of an appearing
failure and consequently a reduced downtime of PV plant
components in which the failure is remedied [1].
Possible risks, leading to a decrease in PV
performance, are faster detected and counteracted against
through a better understanding of typical PV system
behaviour and advanced detection and prevention
techniques. A method to map and understand the likeliness
and severity technical failures may have on PV plant
performance, together with the associated costs, is the Cost
Priority Number (CPN) method. The initial CPN, a costbased failure modes & effect analysis (FMEA) method,
was developed in the H2020 project Solar Bankability [2]
with the aim to assess the economic impact of failures in
PV projects and is calculated in €/kWp/year. In the
framework of the new H2020 project TRUST PV [3], the
CPN is improved by adapting parameters for its
application onto real-case studies. The first version of the
CPN methodology was based on the development of
failure scenarios. Instead, within TRUST PV, tickets of
O&M activities coming from SCADA systems of
operating PV plants are categorized and evaluated. The

CPN is used to accurately calculate costs/benefits for each
individual ticket in order to understand and further
improve the effectiveness of operators and maintainers. To
do so, the accurate estimation of energy losses due to
recorded failures is essential. However, several data issues
such as gaps, communication errors and high measurement
uncertainties make this task quite challenging.
In this work, we test widely used data imputation
models considering all possible scenarios of missing
power/energy data, which include the following
parameter:
•
Type of missing data
•
Amount of missing data
•
Ratio training set / test set
•
Predictor availability
For each scenario, the tested models have been
benchmarked. Optimized imputation approaches for all
considered cases were identified by minimizing the
following statistical metrics: relative root-mean-squareerror (rRMSE), relative mean bias error (rMBE), relative
difference (rD) and the absolute difference (aD). The
overall aim is to find the optimal imputation solution for
each possible scenario in terms of available predictor data
and missing data rate to automatize the imputation process
to a high degree.

2

COST PRIORITY NUMBER METHODOLOGY

In the H2020 project Solar Bankability [2], the CPN
methodology has been developed to quantify appearing
degradation modes and other performance impairing
effects in PV plants. The focus was on the assessment of

risks connected to investments in PV projects [4].
Thereby, the methodology assesses the economic impact
based on factors such as performance reduction and
downtime. Within the project, the CPN was applied to
theoretical scenarios to calculate extreme values for the
CPN metric, expressed in €/kWp/year. All phases of a PV
plant life cycle (from product testing to decommissioning)
have been included and a nomenclature for possible
failures has been created in form of a technical risk matrix
[5]. Later, the CPN has been adapted towards the needs of
a large O&M operator by assessing real tickets from the
ticketing system of an operating PV plant manually [6]. In
the H2020 project TRUST PV [3], the assessment of real
tickets is automatized to not only study the economic
impact of individual technical failures, but also to draw
useful statistics in terms of failure appearance likeliness
and severity. Therefore, the technical risk matrix has been
updated. The TRUST PV risk matrix only includes failures
from within the operational phase of a PV plant divided by
component, subcomponent, and individual failure.
Overall, 344 failures have been identified. Additionally,
the following optional information on individual failures
can be supplied: cause (what is the failure cause),
accountability (which party is accountable), detection
(how was the failure detected), origin (can the failure be
attributed to a root-cause stemming from a specific phase
of the PV plants life-cycle) and solution (how was the
failure fixed). The workflow of assigning a cost to a failure
and thereby calculating the CPN is the following:
1. Failure appearance in PV plant
2. Failure detection
3. Creation of ticket in SCADA system
4. Classification of failure according to TRUST
PV’s Risk Matrix
5. Resolution of failure
6. Statistical analysis of failure using the CPN
methodology
The CPN is calculated by the sum of costs due to
downtime and fixing costs due the failure appearance:
𝐶𝐶𝐶𝐶𝐶𝐶 [€/𝑘𝑘𝑘𝑘𝑘𝑘/𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦] = 𝐶𝐶𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + 𝐶𝐶𝑓𝑓𝑓𝑓𝑓𝑓

The two categories of costs are defined as:
Economic impact due to downtime (𝐶𝐶𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ):
- failures that cause downtime or power loss
- considers time from failure to repair/substitution
(thereby including detection time, response time,
repair time, shutdown time)
- missing income related to the sale of electricity,
defined by the feed in tariff, power-purchasing
agreement or missing savings generated by PV
plants installed on roofs/facades defined as retail
cost of electricity
- important to pay attention to component level of
failure as other components might be affected
b) Economic impact due to repair (𝐶𝐶𝑓𝑓𝑓𝑓𝑓𝑓 ):
- cost of detection
- cost of labour
- cost of transportation
- cost of repair/substitution
The scope of this work is to reliably calculate the
energy loss caused by an appearing failure to determine
the economic impact due to downtime. A technical failure
leads to a partial or complete reduction of the energy
produced by a PV plant. With the help of this study, we
determine how much energy a plant would produce
without the appearance of a failure and the difference
a)

between the estimated energy production and the reduced
actual production is the amount lost through the
appearance of the failure.
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PV PLANT

For this work, performance timeseries data of an
experimental PV plant installed and operated at the Airport
Bolzano Dolomiti (South Tyrol/Italy) have been used. The
data are recorded and stored by EURAC Research.
Longitude and latitude of the system are 46.4625°N and
11.3299°E respectively, and the plant is situated 240 m
above sea-level. The system was installed in 2010 with a
fixed tilt of 30° and an orientation of 8.5° west of south.
The plant consists of 20 poly-crystalline silicon PV
modules with an overall nominal power of 4.2 kWp.
Additionally, climate data are recorded at a nearby
meteorological station including plane-of-array irradiance
and ambient temperature.
4

PARAMETER

Incoming performance data of PV systems can have
different measured signals available. In order to cover all
possible scenarios of missing data for calculating the
energy loss, we created a parameter space including four
different variables, namely the type and amount of missing
data, the ratio between training and test set as well as the
predictor availability.
4.1. Type of missing data
Missing data can usually be categorized as being
randomly or continuously distributed. In the scope of this
work, we only work with continuous missing data as this
is the predominant type in case of failure appearance.
Furthermore, data can be categorized based on pairwise or
listwise missingness. In case of listwise missing data, the
complete column (power/energy and all available
measured predictors) is missing, whereas in case of
pairwise missing data only the power/energy measurement
is affected.
4.2. Amount of missing data
This parameter is expressed through downtime of the
plant or plant component. It depends on the failure type in
combination with the effectiveness of the O&M activities,
driven by detection and response time on one hand and
repair time paired with spare part management on the other
hand. In order to simulate different grades of missingness,
the tests set size (data to impute) was varied from 4 hours
to 10 days in five steps.

Figure 1: Yield time series of PV plant; test set intervals
ranging from 4 hours to 10 days

In Figure 1, the intervals of the test sets are shown
exemplarily. Thereby, the test set position is drawn
randomly from the time series, which ranges from 2012
until 2019 spanning seven years of data.
4.3. Ratio training set / test set
After assigning the test set size and position, the
training set is selected as the data preceding the test set in
seven different training/test set splits. Ultimately, 35
different datasets are rendered for the imputation. The
training set is thereby the dataset used to train a data
imputation model and the test set the missing energy data
to impute. Across all different settings the missing data
rate ranges from 4 hours to 10 days. Different training/test
set ratios are tested to find the amount of required training
data to fit the imputation models sufficiently. The amount
of training data is a trade-off between providing enough
data for model fitting while capturing the instantaneous
performance of the PV plant.

conditions and the same PV technology. As expected, the
measured plane-of-array irradiance (𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃 ) also correlates
highly, followed by irradiance values retrieved through
CAMS and ERA5 data. Ambient temperature correlates to
a lesser degree with the produced power.
The last predictor option is that no data are available for
imputation. In this case, only univariate imputation
methods can be applied and tested.

4.4. Predictor availability
It can be expected that different PV plants have
different predictors available through varying data
acquisition and monitoring concepts. That is why different
predictors and predictor sources have been selected within
this study:
Table 1: Predictor groups and predictors used for data
imputation.
MEASURED
PARAMETER

SATELLITE
DATA

Climate data

ERA5 [7] + tilt
& azimuth

𝐺𝐺𝑃𝑃𝑃𝑃𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝐺𝐺𝑃𝑃𝑃𝑃𝐴𝐴𝐸𝐸𝐸𝐸𝐸𝐸5

𝑇𝑇𝑎𝑎𝑎𝑎𝑎𝑎 𝐸𝐸𝐸𝐸𝐸𝐸5

Neighbouring
string/plant

CAMS [8] +
tilt & azimuth

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶

Figure 2: Heatmap showing the Pearson correlation [11]
between the target variable (Power) and the tested
predictors in hourly resolution

5
NO
PREDICTOR
AVAILABLE

Table 1 shows the different groups of predictors
together with the specific parameters. The first group are
measured climate data from a meteorological station onsite. If a neighbouring plant or a neighbouring
string/inverter (in case of higher resolution monitoring) is
available, the power signal of this neighbour is used. In
this study, the neighbour is a poly-crystalline silicon PV
plant installed on the same site as the test system having
the same tilt and orientation while using modules from a
different manufacturer. Both systems have the same
configuration of front-glass/cell/backsheet while being
installed on an open rack. This is important for the
temperature evolution across the systems and thereby for
the performance/efficiency evolution. For reanalysis/
satellite data, ERA5 data [7] as well as CAMS data [8]
were selected as they are freely available in high
resolution. In order to compute plane-of-array data [9, 10],
tilt and azimuth of the PV plant in question must be
known. Figure 2 shows the correlation [11] between the
target variable (power of test system) and the tested
predictors in hourly resolution. It is visible that the power
signal of the neighbouring plant has the highest correlation
with the target variable, rooting from the same installation

IMPUTATION MODELS

Overall, 14 different models have been tested. The
applicability of the models always depends on the
availability of predictors. The models are coming from
three different families: empirical, regression & machine
learning and univariate models.
5.1. Empirical power prediction models
Empirical models predict the power of a PV system as
a function of climate inputs, usually irradiance and
temperature.
For the application of most models the module
temperature is required. The Nominal Operating Cell
Temperature Model [12] has been used to calculate the
module temperature. In this study, three different
empirical models have been tested.
a) PVWatts model [13]
The PVWatts model relates the incoming irradiance
and cell temperature to the PV system power with:
𝑃𝑃 = 𝑃𝑃𝑛𝑛𝑛𝑛𝑛𝑛

𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃
(1 + 𝛾𝛾(𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 − 25°𝐶𝐶))
1000𝑊𝑊/𝑚𝑚²

Here, 𝛾𝛾 is the temperature coefficient given by the
module manufacturer. The model is provided by NREL as
an online PV performance modelling application [14].
b) PVGIS model [15]
The PVGIS model combines regression of normalized
irradiance and PV module temperature with six empirical
coefficients and is a variant of King’s model [16] (used in
the PVGIS online tool [17]). In this work, modelled

module temperature and measured/modelled plane-ofarray irradiance is used without normalization.
𝑃𝑃 = 𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃 (𝑃𝑃𝑛𝑛𝑛𝑛𝑛𝑛 + 𝑘𝑘1 ln(𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃 ) + 𝑘𝑘2 ln(𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃 )2 +

𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 (𝑘𝑘3 + 𝑘𝑘4 ln(𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃 ) + 𝑘𝑘5 ln(𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃 )2 ) + 𝑘𝑘6 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 ²)

𝑘𝑘1 to 𝑘𝑘6 are the empirical coefficients which are fitted
with non-linear least squares.
c) Three parameter model
This model was benchmarked among different
heuristic models by Ding et al. [18] and proved to provide
accurate results. It is described by:
2
𝑃𝑃 = �𝑎𝑎𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑏𝑏𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃
+ 𝑐𝑐𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃 𝑙𝑙𝑙𝑙 �

𝛾𝛾(𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 − 25°𝐶𝐶)�

𝐺𝐺𝑃𝑃𝑃𝑃𝑃𝑃

1000

�� �1 +

𝑊𝑊
𝑚𝑚²

Here, 𝑎𝑎, 𝑏𝑏 and 𝑐𝑐 are fitting coefficients, again
determined with non-linear least squares.
5.2. Regression & Machine Learning models
Several widely used regression and machine learning
models have been tested as alternatives to more classical
approaches of predicting power by using empirical
models. All models have been implemented with the
Python library scikit-learn [19]. For the models b) to g)
hyperparameter tuning has been carried out with a predefined parameter space using an exhaustive searching
approach.
a) Multivariate linear regression
The first model is an ordinary least-squares linear
regression of the predictor/s versus power.
b) K-nearest neighbours
K-nearest neighbour regression creates data clusters
based on training data. The predicted value will be
approximated based on the predictors in the cluster space
through weighted averaging. The size of the clusters is
defined by the parameter K.
c) Decision tree
Decision trees design sets of logical decisions to
divide data into nodes by minimizing the residual sum of
squares within a node for a given tree depth.
d) Random forest
A random forest regressor constructs a number of
decision trees and returns the average prediction of the
individual trees to improve accuracy [20]. It fits the trees
using bootstrapping and selecting an optimum split.
e) Extra tree
The extra tree regressor is very similar to random
forest but uses the whole training sample for fitting
individual decision trees and splits the tress randomly [21].
f) Gradient boosting regressor
When using gradient boosting regressors, trees are
grown sequentially using information from previously
grown trees. Thereby, additionally to the depth of the tree
and the number of nodes the learning rate is variable [22].
g) Histogram based gradient boosting regressor
This model is implemented within scikit-learn based
on the LightGBM framework [23]. It provides a novel
gradient boosting regressor including new techniques to
find the optimal split point of trees by reducing the number
of data instances and reducing the feature space.

5.3. Univariate models
As mentioned before, the situation might arise where
no training data are available to predict the lost energy. In
this case, univariate imputation methods are the only
option. Here, only energy data before and after the outage
instance are used to train the models and to perform the
imputation. The models have been implemented using the
R packages imputeTS [24] as well as forecast [25, 26].
a) Average value
This method simply averages hourly values in the
training set by the hour of the day. The imputed value is
the average for the specific hour.
b) Random
Missing values are replaced by drawing a random
value from the training dataset.
c) Kalman
This is a two step-process. First, the time series
(training data) is transformed into a state space model
using ARIMA via seasonal decomposition. Data
imputation is performed via Kalman smoothing of the
created model. The Kalman filter joins the probability
distributions of the univariate data and estimates of
unknown variables at each timeframe, allowing the
prediction when no recorded data is available [27].
d) Interpolation
This model imputes data via linear interpolation. For
seasonal data, such as performance time series, seasonal
decomposition is first carried out.
5.4. Model evaluation metrics
The presented models have been evaluated based on
the parameter introduced in Section 3 using four different
statistical metrics. In this study, a full outage of the whole
plant has been assumed. The following parameter were
used to test the best imputation scenarios and to evaluate
the accuracy of the different models:
𝑁𝑁
�∑𝑖𝑖=1(𝑦𝑦�𝑖𝑖 − 𝑦𝑦𝑖𝑖 ) ²
𝑁𝑁
𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 =
∗ 100%
1 𝑁𝑁
∑𝑖𝑖=1 𝑦𝑦𝑖𝑖
𝑁𝑁

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 =

∑𝑁𝑁
�𝑖𝑖 − 𝑦𝑦𝑖𝑖 )
𝑖𝑖=1(𝑦𝑦
∗ 100%
∑𝑛𝑛𝑖𝑖=1 𝑦𝑦𝑖𝑖
𝑁𝑁

𝑁𝑁

𝑖𝑖=1

𝑖𝑖=1

𝑎𝑎𝑎𝑎 = �� 𝑦𝑦𝑖𝑖 − � 𝑦𝑦�𝑖𝑖 �
𝑟𝑟𝑟𝑟 =

𝑛𝑛
�𝑖𝑖 �
�∑𝑁𝑁
𝑖𝑖=1 𝑦𝑦𝑖𝑖 − ∑𝑖𝑖=1 𝑦𝑦
𝑛𝑛
∑𝑖𝑖=1 𝑦𝑦𝑖𝑖

The relative root mean square error (rRMSE) helps to
identify imputation scenarios with large individual errors
between predicted value and target value. The relative
mean bias error (rMBE) shows if a set of predictors (or a
model) tends to over- or underestimate the target value.
The absolute difference (aD) tells us by how many kWh
our prediction deviates from the target. This parameter is
very interesting as the outcome can be directly used to
assess in economic impact of the imputation inaccuracy.
Finally, the relative difference (rD) sets this parameter into
relation to the overall lost energy to better intercompare
the results on varying timescales.

Figure 3: rRMSE [%] of individual predictors for training/test ratio of 95/5, 80/20 & 50/50 for test set
sizes of 4 hours, 12 hours, 24 hours, 120 hours & 240 hours
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RESULTS

The results of this study are shown in Figure 3 as well
as the following figures in the Appendix. In the figures, the
statistical metrics introduced in Section 5.4. are depicted.
In the figures, the test set size increases from top to bottom
and from left to right the different predictors are shown.
For each predictor, the training/test set ratios of 95/5,
80/20 and 50/50 are included. For example, a 95/5 ratio for
a 12-hour test set equals to 228 hours of training data
versus 12 hours of test data, an 80/20 ratio equals 48 hours
vs. 12 hours and a 50/50 ratio equals 12 hours vs. 12 hours.
Looking at the overall results, it is visible that a
neighbouring string/plant is the most desirable predictor
followed by measured climate data, indicated by the
lowest prediction errors across all error metrics. Except for
very short time series imputation (4 hours), lower
training/test ratios (80/20 to even 50/50) perform as good
and partially even better compared to very high
training/test ratios of 95/5. The reason for the bad
performance for a 80/20 or 50/50 split for a test set size of
4 hours is because the amount of training data is simply
too low. It is assumed that 95/5 splits for longer imputation
periods do not perform too well because a very long
training dataset contains data from very different seasons
of the year and temperature dependent performance
deviations throughout the seasons might introduce a bias.
Looking at the predictors neighbouring string and/or
measured climate data, it is visible that the rRMSE (Figure
3) is slightly increasing with a increasing test set size while
the absolute and relative difference (Figure 4 & Figure 5)
are almost constant for the individual best performing
models. The bias (Figure 6) is decreasing with an
increasing test size. In terms of imputation methods, both
machine learning and empirical models with fitting
coefficients perfom similarly well for small test set sizes
while machine learning models are superior when being
applied on larger test sets, especially if measured climate
data are used.
PVWatts is the worst performing empirical model
among the tested ones, probably due its nature of being
generally applicable without any training of fitting
coefficients. The three parameter model and the PVGIS
model show a comparable accuracy. For measured climate
data, impuation using these two models has a similar,
partially even lower, bias compared to machine learning
approaches.
For small test set sizes, multivariate regression shows
also reliable results. In contrast, histogram based gradient
boosting regression performs poor for absolute training set
sizes below 60 hours, especially when looking at the
rRMSE. Across the tested scenarios and machine learning
models, the decision tree regressor and the extra tree
regressor perform well.
If no measured predictors are available, two
imputation options have been identified, either the usage
of satellite climate data or univariate imputation.
Univariate methods are not performing very good, they
really should be a last resort if no other option is available.
The average value method with a medium/low training/test
ratio shows the best performance among the univariate
methods. For this particular location, the accuracy using
both satellite data sources is low compared to measured
predictors. Looking at the rRMSE in Figure 3 as well as
the absolute difference in Figure 4, CAMS seems to
produce slightly better results compared to ERA5
reanalyis data. For CAMS data, the bias tends to be lower

for a high training/test ratio for small test set sizes and for
a lower training/test ratio for bigger data holes to impute.
As CAMS does not provide ambient temperature data,
only machine learning imputaton methods were tested.
The best performing model changes depending on the test
set size and the training/test ratio, but in general
multivariate regression seems to perform well in
comparison for small test set sizes, and histogram based
gradient boosting regression for bigger test sets.
We expect to see lower imputation errors for satellite
and reanalysis data for PV systems installed in areas with
less complex climate conditions and less mountainous
terrain. Bolzano is located at multiple climate borders. It is
situated in a valley amid mountains at the foot of the
Dolomites. Satellite data are by experience highly
unreliable in this location. System performance of PV
plants installed in more stable climatic conditions with a
simpler terrain can usually be predicted with higher
accuracy using satellite reanalysis data.
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CONCLUSIONS & OUTLOOK

In this work, different imputation models for energy
data of a PV plant, installed in Bolzano/Italy, have been
studied. Thereby, empirical models, machine learning
approaches as well as univariate methods have been tested.
The imputation accuracy has been evaluated in
dependency on the available predictors, the amount of data
to be imputed and the ratio between training and test set
size. This work is part of a larger study to estimate the
costs and impact of an appearing failure in the field for
operating PV systems (cost priority number – CPN). One
of the primary costs is the energy lost due to the
appearance of a failure. Reliable methods to accurately
calculate the energy loss covering all possible scenarios in
terms of predictor data availability and training/test set
characteristics are required to estimate the economic
impact of technical failures.
This study has shown that a neighbouring plant/string
is the most desirable predictor to impute performance data,
followed by measured climate data. In most parameter
settings, the application of machine learning models
delivers higher imputation accuracies. Short time series
can be imputed with high accuracy using simple
multivariate regression or empirical models including
fitting coefficients. Results with higher accuracy for
longer time series are calculated using decision tree or
extra tree regression. Also, histogram based gradient
boosting regression performed very well if the training set
has more than 60 entries (tested on data with hourly
resolution). Data holes exceeding 12 hours can reliably be
imputed with lower training/test set ratios of 80/20 up to
50/50 splits. Lower training/test set ratios have two
advantages:
• computation time is lower for model optimization
& application
• long training sets tend to introduce a seasonal
performance related bias in the models, which
might also introduce a bias in the results
If no measured predictors are available, freely
obtainable reanalysis/satellite data such as CAMS or
ERA5 reanalysis data are a viable choice and preferred to
univariate data imputation. The imputation using satellite
data was subject to high uncertainties for the PV plant in
question. That is because the plant is installed in complex
terrain and at the border of several climate zones. It is

expected to see more reliable imputation results for
systems in flat terrain and clearly defined climate zones.
In the future, this study will be extended to several PV
systems, installed in different climate and terrain
conditions, to define general best practices as well as to
prepare automatized scripts for the imputation of missing
performance data. Furthermore, an adapted version of
cross validation for time series will be used to generalize
the results for individual plants by removing data artefacts.
Finally, it is foreseen to carry out an economic sensitivity
analysis across the variability of the results to understand
the impact of imputation uncertainties on the calculated
CPN value.
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APPENDIX

Figure 4: Absolute difference [kWh] of individual predictors for training/test ratio of 95/5, 80/20 & 50/50 for
test set sizes of 4 hours, 12 hours, 24 hours, 120 hours & 240 hours

Figure 5: Relative difference [%] of individual predictors for training/test ratio of 95/5, 80/20 & 50/50 for
test set sizes of 4 hours, 12 hours, 24 hours, 120 hours & 240 hours

Figure 6: rMBE [%] of individual predictors for training/test ratio of 95/5, 80/20 & 50/50 for test set sizes of 4
hours, 12 hours, 24 hours, 120 hours & 240 hours

