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ABSTRACT: New technical challenges arise due to the growing share of distributed and intermittent solar power
generation. Intra-minute and intra-hour variabilities, when insufficiently accounted for, could lead to grid instabilities.
Shortest-term forecasts, often referred as nowcast, can anticipate such variabilities with high resolutions in space and
time. Therefore, nowcasts are suited for fine-grained control applications in solar power plants and electrical grids.
Highly resolve nowcasts can be obtained by all sky imager (ASI) systems. Sky conditions are analyzed and irradiance
nowcasts a derived from the hemispherical sky images. In this work, ASI based nowcasts and persistence based
nowcasts are combined to a hybrid nowcasts approach. This hybrid approach archived a reduction of the root mean
square deviation of 12% over a 62-day lasting validation data set.
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1 AIM AND APPROACH USED

Reliable nowcasts of the solar irradiance become
increasingly important, considering the rapid growth of
solar power penetration. Applications include energy grid
control [1] as well as ramp rate control within utility scale
PV power plants [2]. Intra-hour and intra-minute
variability of the incoming solar irradiance is mainly
caused by clouds. Highly resolved observations of the sky
can be obtained by all sky imagers (ASI), consisting of
upward facing cameras with fisheye lenses. In recent
years, methods have been developed to automatically
detect clouds [3], evaluate the cloud radiative effect [4]
and identify cloud motion vectors from such sky images
[5]. If multiple cameras with overlapping viewing angles
are available, cloud geolocalization can be performed
using stereo photography [6]. A combination of such
processing steps can be applied to derive irradiance
nowcast [7]. Further methods of obtaining irradiance
nowcasts are persistence approaches, which also serve
regularly as control reference forecasting models. The
performance of persistence approaches is often
competitive in intra-hour nowcasting [8], considering the
challenges of ASI based nowcasting systems [9]. This
work presents a real time capable hybrid ASI and
persistence nowcasting approach, which combines the
strengths while reducing the respective weaknesses of both
approaches.

2 SCIENTIFIC INNOVATION AND RELEVANCE

A nowcasting system based on two off-the-shelf
Mobotix Q25 surveillance cameras has been developed at
CIEMAT’s Plataforma Solar de Almeria (PSA).
Hemispherical sky images with a resolution of 4.3 MP and
an exposure time of 160 ps are taken every 30 s. The ASI
nowcasting system also uses ground based irradiance
measurements, taken directly next to one of the cameras.
A detailed description of the used ASI system, with the
already mentioned processing steps of cloud detection,
evaluation of the radiative effect, tracking and geo-
localization, is presented in [7]. The final output consists
of global horizontal irradiance (GHI) maps, covering an
area of up to 64 km2 with a spatial resolution of 20 m and
lead times up to 20 min ahead.

The utilized persistence nowcast is based on the work
from Ineichen & Perez [10]. The prevailing Linke turbidity
factor (TL) is calculated using the GHI measured by a
pyranometer, h the height of the site, 10 the solar constant,
r0 the average distance sun earth, r the current distance sun
earth, o the solar altitude angle and AM the air mass.
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For the persistence nowcast, TL is kept constant while
a and AM are calculated for the lead times > O min.
Subsequently, the GHI persistence nowcast is calculated
with the corresponding rearranged Equation 1.

A sliding validation of recent historical nowcast is
performed between both nowcasting approaches and the
ground based irradiance measurement. For this purpose,
RMSD is calculated in real time according to Equation 2
using the pyranometer’s GHI (GHIy,) of the past 5
minutes and the corresponding GHI nowcasts GHI,r ; for
each delivered lead time. The index j indicates the two
distinct nowcast approaches and the index LT the lead
time. One RMSD s calculated for the ASI nowcast,
another RMSD for the persistence nowcast. t; describes
the corresponding time stamp and n the selected time
interval of 5 minutes.

RMSD,; = [ £, (GHIpy (6 -
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Subsequently, current nowcasts GHI,y;of both
approaches for a given lead time are combined to the
hybrid nowcast using the accuracy weighting approach
described by [11] according to Equation 3.

GHlyp = ———- 32, o

L ?=1RMSDLT’]» = RMSDyr,j

Equation 3

The ASI based, persistence based as well as the hybrid
nowcasting approach are validated at PSA with 8 reference
ground based stations distributed over an area of 1 km2
The validation data set contains 62 variable days between
01.09.2019 and 30.11.2019. Figure 1 illustrates the GHI




conditions within the validation data set.
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Figure 1: Overview of the validation data set containing 62 variable days between 01.09.2019 and 30.11.2019. The GHI
corresponds to the arithmetic average of 8 reference pyranometers distributed over an area of 1 km2.

The nowcasting accuracy strongly depends on the
prevailing conditions. Comparatively high accuracy is
reached during rather low variable conditions consisting of
clear sky or overcast conditions. In contrast, lower
nowecasting accuracies are reached during highly variable
conditions, especially under conditions with fast moving
low layer clouds or under complex multi-layer conditions.
Overall, validation results for a given time interval without
consideration of the prevailing conditions can lead to false
impressions of the accuracy. Therefore, the validation data
is discretized into eight distinct variability classes from
clear sky (class 1) to overcast (class 8) according to [12].
Table I lists a short description of the variability classes.

Table I: Overview on used variability classes

Class Sky Clear sky index variability
conditions
1 Mostly Very high clear Low
clear sky sky index variability
2 Almost High clear sky Low
clear sky index variability
3 Almost High/intermediate Intermediate
clear sky clear sky index variability
4 Partly Intermediate clear High
cloudy sky index variability
5 Partly Intermediate clear Intermediate
cloudy sky index variability
6 Partly Intermediate/low High
cloudy clear sky index variability
7 Almost Low clear sky Intermediate
overcast index variability
8 Mostly Very low clear sky  Low
overcast index variability

Figure 2 illustrates the distribution of the variability
classes as well as the average GHI for each class within
the validation data set. Around 57% of the data is
comprised of the low variability conditions classes 1, 2 and
8. Intermediate and highly variable conditions comprise
34% and 9% of the data set, respectively. Most clear sky
conditions at low solar altitude angles are classified in
class 2, which results in comparably low GHI values
within this class. The average GHI over the entire data set
is 384 W/m2. For the validation, RMSD is used as error
metric, utilizing the entire data set discretized over the lead
times. Furthermore, the validation is performed discretized
over the lead times as well as the variability classes.
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Figure 2: Distribution of the occurring variability classes
(left) and average GHI within the classes (right) of the
validation data sets.
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3 RESULTS AND CONCLUSION

The overall validation results are shown in Figure 3.
The ASI and persistence based nowcasts achieve similar
RMSDs, with a slight advantage of the ASI based
approach for the lead times 6 to 15 minutes ahead. In
contrast, the hybrid nowcasting approach shows a
significant performance improvement. An average
reduction of around 12.6% in RMSD is visible over all
lead times compared to the ASI or persistence based
approach. Figure 4 shows the validation results discretized
over the variability classes. Unsurprisingly, the lowest
RMSD values are observed for the clear sky conditions
class 1 and 2. Furthermore, as expected, the persistence
approach shows an especially low RMSD for these low
variable conditions. The third low variability condition
class 8 (overcast) shows also low RMSDs. However,
especially for the high lead times, the RMSDs are by a
factor of up to three higher than for class 1 conditions. All
three nowcasting approaches show similar RMSDs for
class 8. For the intermediate variability condition class 3,
the ASI based approach shows a significant advantage
compared to the persistence approach. The remaining
intermediate variability classes show similar performance
of the ASI and persistence based nowcast, with a slight
advantage for the persistence in class 5 and a slight
advantage for the ASI in class 7. Both approaches are
outperformed by the hybrid approach in all intermediate
variability conditions. As expected, the persistence
approach yields high RMSDs for the highly variable
conditions classes 4 and 6. The ASI approach outperforms
the persistence approach clearly in these cases, especially
for class 4, whereas the ASI and hybrid approach show
similar performances for both highly variable classes.

It was shown that ASI and persistence based



nowecasting approaches show similar overall nowcast N
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Figure 3: Overall RMSD over lead times of all three

approaches.
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Figure 4: RMSD discretized over variability classes and lead times of all three approaches
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