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Abstract

The estimation of the regional photovoltaic (PV) power generation is an important step
prior to the forecast of the PV power generation and its integration into the energy supply
system. The large majority of PV plants not being measured in Germany, the total PV power
generated in a region is commonly estimated by upscaling the power production of a set of
reference PV plants to the entireness of the plants installed in the considered area. A given
uncertainty can be expected in the estimation of the power generation of a PV plant with
the upscaling method when the reference plants used have different configurations or
weather conditions. To gain better insight into the performance of the upscaling method,
its error has been analysed using power measurements of a set of 366 PV plants. The
analysis allows an understanding of the mechanisms underlying the uncertainty of the
upscaling method and quantifies its error for the test study considered. In the case study
analysed, it could be shown that the quarter hourly RMSE!value decreases with an
increasing number of reference plants and a decreasing number of un-metered plants. It
could also be shown that even for a large number of reference plants, a variation of the
RMSE between 0.01 and 0.025 kW/kWp can be observed, depending on the choice of the
reference plants. It is shown that the average distance between a reference and unknown
plant constitutes a good indicator of the performance of a set of reference plants, but that
the match between the characteristics of the reference and unknown plant also plays an
important role, which could not be quantified with the available dataset.

1. Introduction

The upscaling algorithm is in Germany currently the standard approach for evaluating
the PV power produced in a region. Most stakeholders in the energy sector implement
this method for estimating the actual PV power generation using measurements from a
set of reference plants and forecasting the future PV power generation using single-plant
forecasts from a set of reference plants. This situation results amongst other factors
from the recommendation made by the federal network agency (Bundesnetzagentur) in
2011 to encourage German energy suppliers to implement this method. Indeed, at that
time it was common to use constant PV generation profiles for scheduling and balancing
the energy supply, which lead to a critical situation in the Autumn of 2010 [Saint-Drenan

! In this paper, RMSE values are calculated with 15 min time averaged power values, which corresponds to the
time resolution used for energy trading.
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et al 2011] [Thomaschki 2011] [Hoffmann 2011]. The implementation of the upscaling
method by most transmission system operators, distribution system operators, energy
suppliers and PV forecast suppliers thus represents a real progress in comparison to the
previous state of the industry. Nevertheless, it is unclear how accurate this method is
when only a limited number of reference plants are available. Indeed, in such situations
two issues can penalize the accuracy of the upscaling method:

- The partial measurements of the irradiation field by a limited number of point
measurements, and,

- Eventual differences between the characteristics of the reference and
uncharacterized PV plants.

Application of the upscaling method for the estimation of the regional PV power
generation has been the subject of different studies over the last years, in which some
information on the uncertainty of this method have been highlighted. In an evaluation of
the optimal value of the coefficient of the inverse-distance interpolation scheme,
Schierenbeck et al report that the average RMSE calculated for single plants with 15 min
values ranges between 6 and 7% while the interpolation error for a cluster of 140 plants
is around 0.9-1.1% [Schierenbeck et al 2010]. However, the authors only analysed the
overall RMSE of the upscaling method and do not analyse the sources of error of the
upscaling method. Lorenz et al analysed the effect of the number of reference plants on
the regional forecast based on the upscaling method in [Lorenz et al 2009]. It shows that
a considerable gain in accuracy is obtained with increasing number of reference plants
as long as the number of reference plants is low, and, that this beneficial effect
disappears with more than 100 plants for the considered case study. Here, the
respective effects of the spatial distribution of the reference plants and the
representativeness of the reference plants on the forecasting error are discussed but a
systematic analysis of their respective effect is not conducted. The studies mentioned
above provide important information on the performances and potential limitations of
the upscaling method, but, though the two above-mentioned issues are mentioned, their
respective effect on the upscaling error is not explicitly analysed. No further study could
be found in the literature where a systematic analysis of the two identified potential
sources of error is made and the mechanisms responsible for the uncertainty of the
upscaling method are described. The analysis presented in this paper is therefore aimed
at filling this gap by analysing in detail the error of the upscaling method using power
measurements from a set of 366 PV plants.

The uncertainty of the upscaling error is mainly problematic for grid operations and
energy trading issues. For these applications, higher error values are more critical than
lower ones. Accordingly, the metric mainly used in this paper to quantify the upscaling
error is the root mean square error.

We begin with the principles of the upscaling method in section 2, and we describe the
PV power measurement dataset in section 3. In order to understand the sources of
uncertainty resulting from the upscaling method, the analysis of the error is conducted
in three steps. Firstly, the interpolation error of single plants is evaluated in section 4,
relating the local upscaling error to mismatches between test plants and neighbouring
reference plants' parameters or weather conditions. The change of the upscaling error
with the aggregation of increasing numbers of test plants is then evaluated in section 5.
Section 6 finally discusses the sensitivity of the upscaling error to the number of
reference plants, whereby the effect of the characteristics of the reference plants is also
analysed. Section 7 summarizes the results of the paper.
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2. Principle of the upscaling method

The basic principle of the upscaling method is to estimate the power generation of a set
of un-metered PV plants on the basis of the measurements of a subset of known
reference plants using spatial interpolation techniques. The only information
systematically available for the unknown plants are the location and the peak capacity.

The first step of the upscaling method consists of normalizing PV-measurements by
their nominal capacity so that all yield values (power generation normalized by the
nominal capacity) are comparable to each other independent of the respective sizes of
the PV plants. The yield of the unknown PV plants is then estimated by spatially
interpolating the yield of the reference plants to the location of the unknown plants.
Interpolated yield values are then normalized by the nominal capacity of the unknown
PV plants and finally aggregated over the considered region to assess the regional PV
power generation.

Different interpolation techniques can be used for estimating the unknown yields of
plants. In this thesis, the inverse distance weighting (IDW) method has been chosen, as it
is frequently used in such applications. The mathematical formulation of this
interpolation algorithm is given in equations (2.1) and (2.2) and is illustrated in Figure 1.

The inverse distance weighting [Shepard 1968] is a spatial interpolation method based
on the principle that sample values closer to the prediction location have more influence
on prediction value than sample values farther apart. A missing value y(xo) at location xo
is calculated by the sum of the known values y(x;) at locations x;i weighted with a
coefficient w(xo,x;) over all n known values (Equation 2.1).

y(xo) = Xt wlxg, x;) - y(x;) (2.1)

d(xo,x;)"P
S, d(xe,x;)™P

w(xg,x;) = p>0 (2.2)

X3
Figure 1: Principle of the IDW spatial interpolation

The weights w(xo,xi) are evaluated with a decreasing function of the distance d(xo,xi)
between the points xo and x; (Equation 2.2) such that the larger the distance between the
point x; and xo, the smaller the weight w(xo,xi). A value of 1.7 is used for p in this paper,
which has been evaluated in a preliminary analysis and is in good agreement with the
results of Schierenbeck [Schierenbeck et al 2010].

3. Dataset

The performance of the upscaling method has been evaluated using a set of
measurements provided by the German distribution system operator LEW Verteilnetz.
This dataset includes 15 min power measurements from 1122 PV plants with a total
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capacity of 511 MW,. A subset of 366 PV plants with a complete and error-free
measurements time series on the time period 01/07/2013 - 01/08/ 2014 was selected
for the analysis. The spatial distribution of the selected PV plants is shown in Figure 2.
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Figure 2: Spatial distribution of the PV plants used in this paper (Source: LEW Verteilnetz).

The probability density distribution of the peak capacity of the plants used for the
present analysis is given in Figure 3. The average capacity of the set of plants is equal to
262 kWp. The smaller and larger plants have a nominal capacity of 16.65 kWp
and 4400 kWp respectively. It can be observed in Figure 3, that the majority of the
plants have a nominal capacity larger than 100 kWp. The dataset used for this analysis
contains thus mainly medium to large plant and small plants are under-represented. The
limited representativeness of the dataset with respect to the entireness of the German
PV plants is problematic for the generalization of the results presented in this paper.
This issue is addressed in section 7.
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Figure 3: Probability density distribution (left plot) and cumulated probability density (right plot) of the peak
capacity of the plants used for the analysis.
4. Analysis of the interpolation error

4.1 Approach
In this section, the error of the upscaling method for estimating the power generation of
a single PV plant is analysed. Using the dataset introduced in the previous section, the
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error of the upscaling method is assessed for each test plant by following the steps
below:

1. Split the plants with available measurements into a test and reference set by
randomly selecting 15 % of the plants as reference plants.

2. Interpolation of the yield values from the reference plants at the location of the
test plants using the upscaling method.

3. Evaluation of the RMSE of the 15 min interpolated yield error at each test plant.

Since the performance of the upscaling method is expected to be dependent on the
choice of the set of reference plants, the procedure detailed above is iterated 1000 times.
Finally, 311 000 RMSE values are obtained (1000 runs with 85% of the 366 plants).

Once the numerous RMSE values are evaluated, the next step entails conducting a
statistical analysis of this data. The analysis is designed to differentiate between the two
issues hypothesized to affect performance of the upscaling method: a) the parse
sampling of the irradiation field by a limited number of reference PV plants, and b) the
variation of the power generation among PV plants due to different PV plant
configuration (module orientation, power curve...).

The choice of the analysis-procedure is motivated by two considerations:

e Since meteorological conditions can be expected to be very similar for two
neighbour locations, the interpolation error for a small distance between a test
and reference plant should solely stem from the parameter-related issue.

e As the distance between a test and reference plant increases, the ability of the
interpolation to describe the meteorological conditions at the test plant
decreases. In this case, an additional source of error thus affects the performance
of the upscaling method: the mismatch between the meteorological data
assessed by the reference plants and that present at the test plants.

Based on these considerations, it is reasonable to consider the distance between the test
and reference plants while analysing the performance of the spatial interpolation. For
the implementation of this conditional evaluation, it remains to assess what distance is
the most relevant. Indeed for any test PV plants there is a set of n distance values
corresponding to the n reference PV plants.

It was chosen to use the minimal distance between a test PV plant and its nearest
reference plant. Using only the minimal distance between a test and reference plant is
certainly too simple with respect to the spatial nature of the problem. A consideration of
further neighbour reference plants would certainly be more appropriate, but it would
also significantly increase the complexity of this analysis. It was judged that the gain in
accuracy obtained by considering more than one neighbouring reference plant does not
justify the involved added cost in complexity.

4.2 Results

The results of the 1000 random runs are displayed in the two plots displayed in Figure 4.
The same data are displayed in each plot, with a linear scale in left plot and a semi-log
scale in the right one. The two representations are given to allow a better visualisation
of the fast increase of the RMSE values at small distances. In both plots, RMSE values are
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Local upscaling error (RMSE) in k\W/kWp (single plant)

plotted against the minimal distance to the next reference plant and the colour of the
scatter points represents the local point density.
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Figure 4: Scatter plot of the interpolation error for single plants (RMSE) as a function of the minimum
distance between test and reference plant (left: linear scale - right: semi-log scale). The points A1..A3 and
B1..B3 correspond to the runs with the minimal and maximal RMSE values for distances of 200 m,
2 km and 20 km.

As expected, an augmentation of the upscaling error with increasing distance can be
observed in Figure 4. This is particularly remarkable for the minimum values of the
error for a given distance from a test plant to its nearest reference plant (lower edge of
the cloud of scatter points): minimum values of the upscaling error are equal to around
0.02, 0.04, 0.06 and 0.08 kW/kW, at distances equal to 200 m, 1 km, 10 km and 30 km
respectively. It can additionally be observed that the RMSE can reach rather high values
(0.12 - 0.15 kW /KkW)). Such values occur at almost all distances.

At this stage it can be reasonably expected that the minimum value of the upscaling
error for a given distance (lower edge of the cloud of scatter points) is reached when the
configuration of the test plant is well-matched to the configurations of the surrounding
reference plants (the validity of this hypothesis is tested later in this section).
Accordingly, it can be hypothesized that the sole effect of the distance between test and
reference plants (without the additional error term resulting from the issue of plant
configuration) is reflected by these minimum values.

4.3 Extreme value analysis

In order to verify the previous conjectures and further understand the sources of error
of the upscaling method, a few example plants have been chosen and analysed in more
detail. As shortly mentioned before, an in-depth analysis and discussion of all issues
affecting the upscaling error would be too exhaustive, due to the variety and complexity
of the issues at play. For clarity and conciseness, focus is put on understanding the
minimum and maximum RMSE values obtained at three distances (200 m, 2 km and 20
km). These six plants are displayed in Figure 4 separated by error magnitude (A1, A2
and A3 for smaller RMSE values and B1, B2 and B3 for higher RMSE values). The
different error metrics corresponding to these 6 examples are given in Table 1.
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Table 1: Different error metrics of the examples Al... B6 in kW/kW)

Maximal Maximal
RMSE MAE Bias positive negative
error error

Al (d=200m) | 0.0196 0.0117 0.0037 0.1916 -0.2751
B1 (d=200m) | 0.1290 0.0838 -0.0498 0.3933 -0.6592
A2 (d=2 km) 0.0449 0.0269 -0.0159 0.4358 -0.5088
B2 (d=2 km) 0.0979 0.0635 -0.0126 0.5104 -0.6224
A3 (d=20km) | 0.0750 0.0480 -0.0042 0.5056 -0.5183
B3 (d=20km) | 0.1287 0.0884 0.0346 0.6465 -0.5652

For each of these plants, a scatter plot of the measured power (y-axis) against the
interpolated power (x-axis) and a plot of the time series of the measured and
interpolated power over two days are provided in Figure 5 and Figure 6. The two days
used for the comparison of the time series were chosen so that a broken and a clear-sky
condition occur on two consecutive days (05/06/2014 - 06/06/2014). With this choice,
meteorological issues (fluctuations caused by clouds on the power production) and
plant characteristics issues (shape of the power production in a cloud-free condition)
can be observed.

In order to be able to relate the interpolated yield to the yield of the surrounding
reference plants, the distances between each test plant analysed and the next five
reference plants as well as their corresponding interpolation weights are given in
Table 2 and Table 3.

a) Analysis of examples with a small interpolation error (A1, A2 and A3)

Before examining the differences between interpolated and measured power time series,
it is interesting to compare the weights given by the upscaling method to the 5 nearest
reference plants to better understand the characteristics of the interpolated power. For
the first example (A1), the next reference plant (225 meter away from the test plant) has
a weight of 0.9801. The interpolated yield is thus almost equal to the yield of the nearest
reference plant. The situation is quite similar, albeit to a lower extent, for the second
example (A2), where the nearest reference plant (2 km away) has a weight of 0.8103.
The third example (A3) differs noticeably from the first two: the weights of the five next
reference plants are much smaller and homogeneous for this plant as compared to the
previous ones. This means that for the first two examples, the interpolated yield is
almost equal to the measured yield from the nearest available reference plant, while the
interpolated yield for the third example is the average yield from several reference
plants with relatively even weights. The difference in weight distribution observed for
these three plants is likely to affect the characteristics of their interpolated yield.

Table 2: Distance to the next five reference power plants and corresponding weights for the
test plants of examples Al, A2 and A3

Example A1 Example A2 Example A3
Distance Weight Distance Weight Distance Weight
(km) () (km) () (km) ()

0,225 0,9801 2,0547 0,8103 20,050 0,0847
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3,736 0,0082 10,609 0,0307 20,995 0,0783
9,631 0,0016 13,838 0,0195 23,993 0,0624
9,786 0,0016 24,420 0,0074 24,033 0,0622
10,283 0,0015 24,420 0,0074 26,373 0,0532

In a next step, time series of the measured and interpolated yield are compared for a
clear-sky day (2014/06/06 in the right plots from Figure 5) to verify that the
characteristics of the reference and test plants are similar (module orientation, power
curves...). Indeed, under clear sky conditions, it can be expected that the irradiation and
temperature are similar at the test and reference plants. A deviation between the
interpolated and measured yield would instead reveal different characteristics between
the test plant and its surrounding reference plants. Interpolated power values (red
curve) match well with measurements (blue curve) for the three considered plants in
clear sky conditions. This confirms the previous conjecture that the error obtained for
these examples is relatively little affected by differences in characteristics between test
and reference plants (minimal difference can still be observed).

Now that it has been verified for these three examples that the upscaling error is not too
affected by a difference in characteristics between test and reference plants, it can be
expected that the increase of the RMSE with growing distance stems from differences in
irradiation and temperature between the test plants and their surrounding reference
plants. To analyse this effect, the measured and interpolated yield are compared on a
day marked by the presence of broken clouds (2014/06/05 in right plots from Figure 5).
Indeed, broken clouds have a small spatial structure, so that difference in irradiation
(and thus in yield) between two neighbouring locations is very likely to occur. In such
conditions, it is particularly difficult to interpolate the PV yield and it is therefore easier
to observe the upscaling error resulting from different meteorological situations
between test and reference plants.

In example A1, the measured and interpolated power values are in very good agreement.
The fast fluctuations of the measured and interpolated yield are identical in time and
amplitude. Minor differences attributable to very local effects can however be observed,
which explain the RMSE value of 0.02 kW /kW,. It can in any case be stated that for this
first example, no noticeable difference in meteorological condition exists between the
test plant and its nearest reference plant. In example A2, the minimal distance to the
next reference plant is 10 times greater than in the first example, but still relatively
small (2 km). In contrast to the first example, it can no longer be expected that the
meteorological conditions assessed by the reference plant are representative of those
prevailing at the test plant, though being quite similar. Indeed, time-series displayed in
Figure 5 reveal that the fluctuations present at the reference plant also affect the test
plant, with a small difference in amplitude and/or time shift. This difference results in an
increased noise in the scatter plot and in a larger interpolation error than in the first
example (RMSE=0.045 kW /kW, for A2 in comparison to 0.02 kW/kW, for Al). These
first two examples suggest a possible explanation for the exponential shape of the RMSE
with the distance observed in Figure 4. Indeed, the fast increase of the interpolation
error with the distance at low separation may be attributed to fast fluctuations resulting
from local clouds, which become out of phase at two neighbouring locations, even if the
distance between them is small.
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In example A3, the minimal distance between the test and reference plants is no longer
small (20 km). As previously mentioned, the interpolated power is no more
predominantly influenced by one plant, as before, but rather by several plants located
relatively far from the test plant (20 to 30 km). This results in an interpolated power
that is much smoother than that observed in the two previous examples (lower right
plot in Figure 5). In this example, the relatively high value of the upscaling error is
principally due to the fact that the fast fluctuations present in the measurements of the
test plant are absent in the interpolated power, which is a result of the above-mentioned
smoothing.
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Figure 5: Comparison of measurements with interpolated data for the examples A1, A2 and A3 - left:
scatter plot of the measured yield (y-axis) as a function of the interpolated yield (x-axis); right: time series
plot of the measured (blue curve) and interpolated yield (red curve) over two days (05/06/2014 -
06/06/2014)

b) Analysis of examples with a high interpolation error (B1, B2 and B3)
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The weights in examples B1 and B2 (Table 3) are very similar to those found in
examples A1 and AZ2. In example B3, the upscaling method weights two reference plants
with coefficients of 0.2549 and 0.1527, while further plants are weighted with
coefficients of similar magnitude approximately equal to 0.06.

Table 3: Distance to the next five reference power plants and corresponding weights for the
test plants of examples B1, B2 and B3

Example B1 Example B2 Example B3
Distance Weight Distance Weight Distance Weight
(km) @ (km) @ (km) @

0,298 0,9644 2,049 0,8254 20,020 0,2549
3,557 0,0142 12,864 0,0226 27,068 0,1527
6,405 0,0052 13,853 0,0199 44,019 0,0668
7,350 0,0041 14,553 0,0183 44,193 0,0663
9,293 0,0028 14,975 0,0174 48,265 0,0571

Figure 6 shows that the observations made for examples A1, A2 and A3 are also valid at
B1, B2 and B3. These are however of minor importance in comparison to an obvious
difference in the module orientation (and eventually in the power curve) between the
test plants and their surrounding reference plants. This difference can first be observed
in the time series plot (right pictures in Figure 6), where an increase (or decrease) in the
measured yield occurs earlier (example B3) or later (examples B1 and B2) than for the
interpolated yield. This result is typical when there is a difference in module azimuth
angle between two plants. Additionally, differences in the daily maximum between
measured and interpolated yield suggests that the tilt angle or the power curves of the
PV plants are different. These differences are also obvious in the left pictures from
Figure 5, where scatter points are not aligned along the identity line and instead form an
ellipse.

The three examples displayed in Figure 6 show that differences in characteristics
between the test and its surrounding reference plants are responsible for the large value
of the RMSE. A visual inspection of other test plants with large RMSE confirmed that this
issue explains larger interpolation errors.
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Figure 6: Comparison of measurements with interpolated data for the examples B1, B2 and B3 - left:
scatter plot of the measured yield (y-axis) as a function of the interpolated yield (x-axis); right: time series
plot of the measured (blue curve) and interpolated yield (red curve) over two days (05/06/2014 -
06/06/2014)

The analysis described in this section confirms that two issues degrade the local
performance of the upscaling method. Firstly, differences in meteorological data
between test and reference plants result in an exponential growth of the RMSE. It was
found that the differences in characteristics (e.g. module orientation, power curve)
between test and reference plants were systematically responsible for larger errors.
This second issue can results in values of the RMSE greater than 0.15 kW/kW,, for all
distances between test and reference plants. A visual inspection of PV plants with
intermediate RMSE values (greater than the minimum and smaller than the maximum
values analysed in the six examples) also revealed the effects previously described
though at different degrees.

5. Analysis of the effect of plant aggregation on the interpolation error

In the previous section, the error of the spatial interpolation has been analysed. This
approach was chosen to facilitate the understanding of the mechanisms impacting the
interpolation error. However, the interpolation error for a single plant is very different
to that found for a cluster of PV plants. Schierenbeck reported that the average RMSE for
single plants ranges between 6 and 7% while the interpolation error for a cluster of 140
plants is around 0.9-1.1% [Schierenbeck et al 2010]. A very different order of magnitude
for the error is thus found when considering a single plant as compared to the
aggregated power of a set of PV plants. As a result, though they give insight into the
processes responsible for the interpolation error, the results obtained in the previous
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analysis are of limited relevance for the assessment of the PV power generated in a
region.

5.1 Approach

In order to analyse the decrease of the interpolation error by the clustering of PV plants,
one run has been chosen among the 1000 random runs realized in the previous section
(the difference between the run being the set of reference PV plants). Since only one run
is analysed in this section, it was decided to choose a run with a performance close to
the average performance of the 1000 runs. For this run the total set of plants (S,) is
divided in two complementary subsets of test and reference plants S5 and S,.f
(Stest U Srer = So and S¢ese N Sref = ).

The effect of PV plant aggregation on the spatial error is then evaluated for a cluster of n
test plants S;. taken randomly from the set Si.sr (Stest € Stese) by following the four
steps:

e Power measurements of the n test plants are summed to evaluate the total PV
power generation of the considered cluster

e Interpolated yield values of the n test PV plants are evaluated with the upscaling
method, normalized by their nominal capacity and summed.

e The difference between the aggregated measurements and their estimates from
the upscaling method is evaluated at each time step

e The RMSE of the upscaling method is finally calculated for the n test plants with
the 15 min time series of the error evaluated above

For each subset of PV plant Sces: from the initial set Sp, the RMSE value is thus found from
the power measurements Pmeas;i(t) and the interpolated power values Pigw,i(Srer,t) at each
test plant i of Stest using measurements of the set of reference plants Sref at each time t
(t=1...N;) with the following relation:

Stest © Stest

2
2 Pmeas,i(t) - z Pidw,i(sref: t) Stest U Sref = So (5.1)

iegtest iegtest Stest n Sref = @

N 1
RMSE (Syest) = ﬁtz
t

Ny
=1
This procedure is conducted for sets including 1 to 311 PV plants (total number of test
plants) in order to assess the effect of the number of aggregated plants on the upscaling
error. As it can be expected that the results of this experiment depends on the choice of
the aggregated plants, for each aggregation size, the set of test plants has been randomly
chosen 1000 times. The results are then normalized to the total installed capacity of the

set of PV plants so that the different results can be compared independently from the
total capacity of the group considered.

The assessment described above was conducted for two configurations. In a first step, all
test PV plants were assumed to have the same installed capacity. In the second step, the
actual capacities of the test plant were considered. The motivation for the choice of
these two configurations is described later in this section.
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Upscaling error of the clustered PV-plants

(RMSE) in kKWW/KWp

5.2 Results

The results of the calculations are illustrated in Figure 7. In both plots, RMSE values
obtained with the upscaling method are represented as a function of the number of
plants aggregated together. In the left plot, the results obtained when the nominal
capacity of all plants is assumed to be identical are represented. Error values evaluated
with consideration of the actual nominal capacity of the test PV plants are displayed in
the right picture.

The two plots displayed in Figure 7 confirm the statement of Schierenbeck et al that the
RMSE of the spatial interpolation decreases as the number of aggregated PV plants
increases. A fast reduction can be observed as the number of aggregated PV plants
increases from 1 to 50 and the gain in accuracy is much smaller for any further increase
of the number of aggregated PV plants.

Actual installed capacity considered

Allinstalled capacities assumed to be equal

Upscaling error of the clustered PV-plants
(RMSE) in kWW/k\Wp

0 50 100 150 200 250 300 350 0 50 100 150 200 250 300

Number of plants clustered Number of plants clustered

0 200 400 600 800 1000 0 200 400 600 800
Count Count

Figure 7: Scatter plot of the spatial interpolation error (y-axis) for N aggregated power measurements (N
is on the x-axis) Left picture: all plants are assumed to have the same capacity. Right picture:
consideration of the actual capacity of the test plants

The dispersion of the scatter points is very different for the two experiments. For a given
cluster size, the dispersion of the RMSE values is much larger when the actual nominal
capacities of PV plants is considered (right plot) than when all nominal capacities are
assumed to be equal (left plot). The decrease of the RMSE values with the number of
aggregants under the assumption of an equal capacity for all plants is analysed in the
following subsection, after which the impact of the actual nominal capacity on the
decrease of the RMSE is investigated and discussed.

a) Analysis of the RMSE reduction assuming equal plant capacities

The decrease of the RMSE values with increasing number of reference plants observed
in Figure 7 is in good agreement with the results presented by Lorenz et al. in [Lorenz et
al 2010].

In the calculation presented in this section, the RMSE values are calculated with the
mean error of samples of test plants randomly selected from a population of 311 test
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plants. With this formulation, it clearly follows that the central limit theorem applies
under the condition that the samples are independent. Accordingly, for each time step,
the distribution of the average error converges to a normal distribution with a variance
0Z(t)/N and mean p, (t), where 6Z(t) and y, (t) are the variance and mean of the
original population at time t and N is the number of aggregated samples. Since, the
distribution of samples error is a normal distribution, the mean square error - or second
moment of the normal error distribution - is equal to (6Z(t)/N + u3(t)) and the RMSE
can be expressed as:

(4.1)

|1 @Ng [(03(®)
RMSE—\/N—tZtil(OT+u§(t)),

Where N is the number of samples, N; is the number of time steps and o, (t) and py(t)
are the standard deviation and the mean error of the original population at time t,
respectively.
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Figure 8: Comparison of the aggregated spatial interpolation error (RMSE) obtained by assuming all
installed capacities equal (grey dots) with the theoretical dependency of the RMSE on the number of
aggregates as derived from the central limit theorem (black curve) - Left picture: results displayed in a
linear scale. Right picture: results displayed in a log-log scale.

0

In order to verify whether the central limit theorem can explain the results displayed in
the left graphic of Figure 7, RMSE values obtained from the different aggregations (grey
dots) are compared to the expected decrease of the RMSE with the number of aggregates
according to Eq. 4.1 (black curve) in Figure 8. The good agreement between the scatter
points and the black line shows that the decrease of the RMSE observed in Figure 7 and
8 can be explained by the central limit theorem. This process results from the
independence of individual error terms with different magnitudes and opposite signs
that may cancel. This error balancing of two terms with opposite sign may for example
occur in the two following cases:

e Two plants with both over- and underestimated yields experience a
heterogeneous weather situation. This can happen when one plant is under clear-
sky conditions, while its reference plants are shaded by clouds, and vice versa for
the second plant.

e Two plants have local upscaling errors of opposite sign due to particular plant
configurations. For example, the power of a PV plant can be underestimated in
the afternoon because it is more oriented to the west than its surrounding
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reference plants, while the output of another plant is overestimated because it is
more oriented to the east than its reference plants.

The local variance of the upscaling error is thus resulting from the irradiation variability
and a variability resulting from spatial variations of plants characteristics. The
irradiation and PV power output variability has been the subject of several studies [Hoff
et Perez 2010], [Hoff et Perez 2012] [Perez et al 2015] [Remund et al 2015]. In contrast,
the spatial differences of PV plants configuration and their effect on regional upscaling
or forecast have been little investigated so far.

b) Analysis of the RMSE reduction considering the actual plant capacities

The noticeable difference between results obtained by assuming that all plants have the
same size and when the actual nominal capacity is considered remains to be explained.
The only difference between these two calculations is the weight given to yield values
from individual plants. In the first case all weights are assumed equal and in the second
case the weights are proportional to the nominal capacity. Larger error values obtained
in the second calculation can thus be explained by above-average weights given to large
plants with high local upscaling error and below-average weights given to small plants
with small local upscaling error.

The difference between the results from the two experiments is very interesting as it
gives insight regarding issues to be considered in the choice of the set of reference
plants needed to limit the upscaling error. Indeed, a pragmatic way to limit the upscaling
error is to choose the set of reference plants so that the error at large plants is minimal
(due to the above-average influence of these plants on the total upscaling error).

6. Influence of the set of reference plants on the upscaling error

One last issue remains to be addressed to complete the analysis of the upscaling error:
the influence of the set of reference plants on the upscaling error. Indeed, on the basis of
the previous analysis, it can be expected that not only the number of reference plants,
but also their spatial distribution and characteristics impact the upscaling error.

6.1 Approach

In order to analyse the effect of the set of reference plants on the total upscaling error,
the same procedure as that used in previous sections is implemented (under
consideration of the actual capacity). The available plants are first randomly split into a
set of reference plants and a set of test plants. The total power of the set of test plants is
then evaluated with the upscaling method on the basis of the power measurements from
the reference plants. The skill of the upscaling method is finally assessed with the set of
test plants by calculating the RMSE between aggregated measurements and the results
of the upscaling method.

In contrast to the analysis conducted in section 5, where the set of reference plants was
fixed and a subset of the test plants was considered, in this section the set of reference
plants is varying and the complete set of test plants is considered. Using the notation
introduced in section 5, the RMSE is calculated for a set of reference plants Sref randomly
chosen in the total set of plants So using the set of test plants Stest using the following
relation:
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Ne Stest c SO

1
RMSE (Stest) = —Z Z Peas,i(t) — Z Pigw,i(Sref t) Stest USrer =So  (6.1)

N, _
L1421 | \i€5pse i€Srest Stest N Sref = @

The sets of test and reference plants are distinct, such that reference plants are excluded
from the data used for the evaluation of the RMSE. Therefore, as the number of reference
plants increases, the number of test plants used for the evaluation of the upscaling RMSE
decreases (the number of test plants used for the assessment of the RMSE is displayed
on the upper x-axis of Figure 9). In a strict sense, RMSE values obtained with sets of
reference plants of different sizes should not be compared since, as shown previously,
the number of aggregated plants influences the upscaling error. However, as can be
observed in Figure 7, the influence of the number of test plants on the upscaling error is
relatively limited when more than 200 test plants are used. The maximal number of
reference plants is thus limited to 100 so that the number of test plants remains larger
than 266. With this precaution, RMSE values obtained from sets of reference plants with
difference sizes will be compared regardless of this issue for the remainder of this
analysis.

To assess the effect of the size of the set of reference plants on the performance of the
upscaling method, the calculation is conducted using sets of reference plants including
one to 100 plants (one third of the available set). Since a particular choice of the set of
reference PV plants may affect the performance of the upscaling method, the procedure
is iterated 1000 times for each considered number of reference plants.

6.2 Results

The RMSE values obtained for the different sets of reference plants are displayed as a
function of the number of reference plants in Figure 9. As expected, the error decreases
steadily with the number of reference plants used for the upscaling. This decrease is
very strong for up to 20 reference plants, before diminishing. A saturation in the
reduction of the RMSE with the number of reference plants occurs when more than 70
reference PV plants are used. With more than 70 reference PV plants, RMSE values range
from 0.009 to 0.022 kW/kW;, and most observed RMSE values lie in the interval 0.01 -
0.015 kW/kW,, (red scatter points).
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Figure 9: Upscaling error as a function of the number of reference plants used for the upscaling. The
number of reference plants is displayed on the lower abscissa and the number of test plants on the upper
abscissa. The points (a)...(d) and (e)...(h) corresponds to the minimal and maximal RMSE values for 5, 15,
30 and 100 reference plants respectively. The blue diamond represents the run analysed in section 5.

It is interesting to observe in Figure 9, that a low RMSE values can already be obtained
with 30 reference plants (0.013 kW/kWp), which is comparable with those
corresponding to 100 reference plants. In addition, even with a large number of
reference plants (100 reference plants), there is a relatively high variation of the RMSE
values (0.008 - 0.026 kW/kWp). It can be expected that these features are resulting
from the characteristics of the set of reference plants: on the one hand the spatial
distribution of the reference plants and on the other hand the similarity between the
characteristics of the reference and test plants. In order to further analyse the role of the
characteristics of the set of reference plants, the set corresponding to the lower and
higher RMSE values for set of reference plants with 5, 15 30 and 100 plants are further
analysed in the continuation of this section. These examples are marked in Figure 9 and
their main characteristics are summarized in Tables 4 and 5. In addition, the spatial
distribution of the reference and test plants as well as the scatter plots of the aggregated
measurements against upscaling estimates are given in the plots of figure 11.

Table 4: Different error metrics of the example (a)....(h) in kW/kW.

Maximal Maximal
RMSE MAE Bias positive negative

error error
(a) 0.0308 0.0187 -0.0018 0.2348 -0.2610
(b) 0.0181 0.0118 -0.0006 0.1293 -0.1391
(c) 0.0131 0.0082 -0.0009 0.1174 -0.0899
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(d) | 0.0083 | 0.0051 -0.0009 0.0640 -0.0642
(e) | 0.0676 | 0.0472 -0.0437 0.1499 -0.2779
() | 0.0443 | 0.0300 -0.0166 0.1606 -0.3677
(g) | 0.0328 | 0.0224 -0.0186 0.1094 | -0.1599
(h) | 0.0235 | 0.0152 -0.0113 0.0510 -0.1285

To quantify the match between the spatial aggregation of the reference and set plants,
the average distance between reference and test plants is given in addition to the RMSE
in Table 5. Based on the analysis presented in Section 2, it is defined as the average value
of the minimal distances to the next reference plant weighted by the peak capacity of the
test plants:

- Y Pogari - Min{dij,j = 1. Nyos} (6.2)

dref—test = Neest p
Zi=1 peak,i

Where:
The indices i and j refer to the test and reference plants respectively
Ntest and Nref are the number of test and reference plants.
dj;is the distance between the test plant i and the reference plant j.
Ppeakj is the peak capacity of the test plant i.

Table 5: Main characteristics of the eight set of reference plants considered for the analysis
of the effect of the reference plants on the upscaling error

Lower RMSE values Higher RMSE values
Number Mean RMSE Number Mean RMSE
of distance | [kW/kW] of distance | [kW/kWp]
reference [km] reference [km]
plants plants
(@ 5 15.3 0.0308 (e) 5 18.8 0.0676
(b) 15 10.1 0.0181 H 15 19.9 0.0443
(9 30 6.5 0.0131 (8 30 8.1 0.0328
(d) 100 3.7 0.0083 (h) 100 3.4 0.0235

It can be observed in Table 5, that the average distance decreases with increasing
number of reference plants. For a given number of reference plants, the average
distances are generally higher in the examples corresponding to high RMSE values (right
table) than those corresponding to low RMSE values (left table). This is plausible
considering that the interpolation error increase with the distance to the reference
plants. Based on these observations, it is legitimate to question whether the average
distance introduced in equation 6.2 is not a better indicator for the analysis of the
performance of the upscaling error than the number of reference plants. To verify this
hypothesis, the RMSE values displayed in Figure 9 are represented as a function of the
average distance in Figure 10.
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Figure 10: Upscaling error as a function of the average distance between test and reference plants. The
points (a)..(d) and (e)...(h) corresponds to the minimal and maximal RMSE values for 5, 15, 30 and 100
reference plants respectively (see Figure 9).

In Figure 10, the RMSE values corresponding to 5, 15, 30 and 100 reference plants are
displayed by coloured dots and the eight examples previously introduced are marked by
black circles.

The clear dependency between RMSE values and average distance in Figure 10 confirms
that the average distance represents a better indicator of the performances of the set of
reference plants than their number. This is normal since the quantity of reference plants
is not a guarantee that all test plants are well described by the reference plants. Instead
the average value represents a more reliable measure of the quality of the set of
reference plants.

Examples (a), (b), (c) and (d) lie on the lower limit of the scatter points of Figure 10. The
scatter points given in Figure 11 show that the scatter points are centred on the identity
line for these 4 examples and that the increase of the RMSE values result from a rise of
the point dispersion. Considering the results presented in section 2, it appears
reasonable to consider that there is a good match between the characteristics of the test
and reference plants for these four examples and that the increase in RMSE from
example (a) to (d) is due to increasing difference in meteorological conditions between
test and reference plants increasing as the average distance gets higher. The scatter
points displayed in Figure 11 reveal that the larger RMSE values of the examples (e), (f),
(g) and (h) are clearly resulting from a mismatch between the test and reference plants
(the scatter points are not centred on the identity line). The lower bound of the scatter
points in Figure 10 corresponds thus to set of reference plants with a very good match
between test and reference plants, while higher RMSE values result from a mismatch
between the characteristics of reference and test plants.
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(b) 15 reference plants, RMSE=0.0181 KW/kKWp
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(c) 30 reference plants, RMSE=0.0131 kW/kWp
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Figure 11: Left maps: spatial distribution of the reference plants (red dots) and test plant (black dots). The
spatially summed installed capacity of the test plants is indicated by the coloured squares. Right plots: scatter
plots of the upscaling estimate as a function of the aggregated power measurements of the test plants. The
runs (a)...(d) and (e)...(h) displayed at each row corresponds to the minimal and maximal RMSE values for 5,
15, 30 and 100 reference plants respectively (see Figure 9)

7. Conclusion

In order to understand the sources of uncertainty of the upscaling method, the two steps
of this method, which are the spatial interpolation of normalized power generation and
the aggregation of interpolated values have been analysed separately.

Using the available dataset of power measurements, it could be shown that the
interpolation error is mainly affected by differences between the configuration
parameters of the test and reference plants as well as by differences in meteorological
conditions between the test and reference plants. The effect of differences in
meteorological conditions increases with the distance between the un-metered and
reference plants: a fast increase of the error can be observed at short distance and this
increase is smaller at longer distance. Differences in configuration parameters such as
module orientation are responsible for the larger errors and can result in RMSE values
of up to 0.15 kW/kWp.

The RMSE has been found to decrease when individual terms are aggregated, which is
well known from the literature. This decrease of the RMSE during the aggregation
results from the fact that interpolated power time series at individual plant are to a
certain extent independent so that the errors terms vanish during the summation and
can be explained by the central limit theorem. In the considered case study, a fast
reduction of the upscaling error with increasing number of plants was observed when
less than 50 test plants are considered. When the number of plants is larger, a decrease
of the RMSE can also be observed but it is noticeably smaller. It was also found that this
gain in accuracy is stronger when all plants are assumed to have the same capacity than
when the actual capacity of the test plants is considered. This could be explained by
above-average weights given to large plants with high local upscaling error and below-
average weights given to small plants with small local upscaling error. This result shows
that a pragmatic way to limit the upscaling error may consist in choosing, when possible,
large plants in the set of reference plants, as the total upscaling error is particularly
sensitive to their error.

The sensitivity of the upscaling error to the number of reference plants was evaluated.
Here again, the upscaling error exhibits a strong decrease with increasing number of
reference plants when less than 20 reference plants are used. When more reference
plants are used a gain of accuracy with increasing number of reference plants can still be
observed but the improvement is smaller than with a smaller number of reference
plants. This analysis shows that the error of the upscaling method can be rather large
when the number of reference plants is too small (in our case less than 20). With the
used data, no significant change occurs when more than 70 reference PV plants are used.
Nevertheless, it could be observed that even when a large number of reference plants
are used, the RMSE can take values between 0.010 and 0.025 kW /kW,, depending on the
choice of the reference plants.
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It was finally shown that the average distance between the reference and test plants
represents a good predictor of the upscaling error when there is a good match between
the characteristics of the test and reference plants. This parameter may thus be used to
choose a set of reference plant or to assess/predict the quality of a set of reference plant.
However, the similarity between the characteristics of the reference and test plant has
also to be considered. This aspect has not been analysed in this paper because only a
limited dataset was available for the study. Analysing the representativeness of the
reference plants would require analysing numerous plants including small plants that
are underrepresented in our dataset. This analysis may thus represent a continuation of
the present work.

The results presented in this article have been obtained with the analysis of the power
measurements of a set of medium to large plants. It is now questionable to which extent
these results can be applied to another set of plants with different characteristics. It is
reasonable to expect that considering smaller plants would increase the variance of the
plant characteristics, as those are more often mounted of roofs than large plants, which
exhibits a larger spread of tilt and azimuth angles. As a result, the effect of the plant
characteristics on the dispersion of the RMSE values would increase in the different
analysis presented in this paper. At this exception, we can consider that the main results
of this analysis can be extended another set of PV plants. A possible continuation of this
analysis could however consist of an extension of the present error analysis with a
larger and more representative set of PV plants.
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