Cloud Effects on Photovoltaic Power Forecasting: Initial
Analysis of a Single Power Plant Based on Satellite
Images and Weather Forecasts

Franko Pandiic’l[°°°°‘°°°2'3153'2419], Ivan Sudiél[0000'0002'5703'0513], Tomislav Capuderl[OOOO»
0002-7657-150X] and Amallja BOiiéekl[0000_0003_0331_2707]

! Faculty of Electrical Engineering and Computing, University of Zagreb, Croatia

Abstract. Solar power is becoming increasingly important as a source of re-
newable energy, and photovoltaic (PV) technology has become the key method
of harnessing solar energy. Unlike conventional power plants, scheduling PV
power production is not possible as it relies on the unpredictable nature of sun-
light and local weather conditions. It is why accurate forecasts of power produc-
tion are crucial for ensuring a stable and reliable supply of electricity. This
study is an initial analysis of the effect of local cloud cover on solar production
forecasting for Vis power plant. It was shown that even a crude representation
of cloud mask images from EUMETSAT can greatly improve production fore-
casting in a best-case scenario. The model that integrated both solar irradiance
and cloud images exhibited superior performance (up to 24 % ) compared to the
model that solely relied on solar irradiance in the one-hour ahead forecast.
These results show great promise in further expanding this research with more
advanced algorithms and EUMETSAT products.
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1 Introduction

The growing demand for clean and sustainable energy sources has accelerated the
adoption of renewable energy systems. Among these systems, photovoltaic (PV) tech-
nology has gained significant popularity due to its cost-effectiveness and environmen-
tal benefits. However, PV systems' performance is subject to weather conditions, mak-
ing it challenging to accurately forecast their power output. The ability to forecast PV
production is crucial for optimal grid integration, efficient energy management, and
trading activities. Accurate forecasting also helps to minimize the uncertainty associ-
ated with renewable energy production, reducing operational risks and costs.

This paper presents a study on PV production forecasting for a single solar power
plant, with a goal to explore the effect of local cloud cover through satellite imagery
on the plants' production. The study's primary motivation is to gain insights in data
most important for accurate production forecasting along with validating sources of
data. The authors distinguish the following papers of importance: Benavides Cesar et
al. [1], Hong et al. [2] and Yang et al [3] provide extensive research foundation as



review papers regarding solar forecasting and forecasting energy quantities in general.
Qin et al. [4] focus on enhancing PV output forecast by integrating satellite and
ground data. They capture cloud motion patterns which they use to forecast PV output
forecasts. Holland et al. [5] go a step further and incorporate numerical weather mod-
els along with satellite images and ground measurements for large power plants (>500
MW). Contrarily, this study focuses on a 3.5 MW power plant which can pose an
issue if following the aforementioned paper. Yu et al. [6] focus on PV forecasting
using cloud images as well; first they forecast the amount of cloud coverage and con-
sequently PV output using a convoluted LSTM. Son et al. [7] devise a solution with-
out forecasts of solar irradiance, using only cloud cover images for ultra-short-term
and short-term PV forecasting. These papers give foundation for the inclusion of satel-
lite images in order to enhance PV output forecasting, but they mostly use sources of
satellite data which may not be easily accessible. Consequently, the authors believe
that the source of cloud satellite images in this study is a possible solution to that is-
sue.

The findings of this study have practical implications for any operator in charge of
a solar power plant enabling them to make informed decisions based on accurate PV
production forecasts generated with the help of satellite images.

1.1 Showecase — Vis solar power plant

For this paper, the showcased power plant is the solar power plant of island Vis, Croa-
tia. HEP Group, which is the national energy company of Croatia, constructed the Vis
solar power plant in 2020. with an investment of 31 million kunas (approx. 4.1 mil-
lion euros), leading to the successful establishment of the plant. The design and con-
struction were done by Koncéar — Power Plant and Electric Traction Engineering Inc.
At the time of its commissioning, SE Vis (from Croatian: Suncana elektrana) was the
highest-capacity solar production sight in Croatia with the capacity of 3.5 MW. SE
Vis contains 11200 modules with an individual power of 340 Wpp. Next to SE Vis, a
battery tank with a power of 1 MW and a capacity of 1.44 MWh is installed, the first
of its size in Croatia at that time. The battery tank is used to provide power system
balancing services and for the purpose of preserving the stability of the network on
the island, capable of powering up to 1600 households. The total area on which the
facility is located is 5.5 ha (13.6 acres) [8]. The coordinates of the power plant are
16.141 longitude and 43.038 latitude, and its layout can be seen using Google Maps.

2 Data

Available data includes production measurements from Vis solar power plant, weath-
er forecasts for the location of the plant obtained by Weather Research & Forecasting
Model (WRF) [9] and EUMETSAT satellite imagery [10].



2.1  SE Vis historical production

Production measurements of SE Vis are available in 15 minute intervals from
03.09.2020. 02:00 UTC until 14.07.2022. 06:45 UTC (almost 2 years of data). Fig. 1.
shows the mean and median photovoltaic production for SE Vis for the aforemen-
tioned period. The median peak production (1.96 MW) is higher than the mean peak
production (1.67 MW). This discrepancy implies that there are non-insignificant
number of days when the production levels, which are expected to be at their highest,
are impeded by factors such as local cloud cover.
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Fig. 1. SE Vis mean and median production through time of day

2.2  WRF Forecasts

WRF forecasts are available every 6 hours for the next 72 hours starting from mid-
night UTC every day for SE Vis location. Specifically, new forecasts are available at
00:00, 06:00, 12:00 and 18:00 UTC every day. Forecasts of 7 meteorological phe-
nomena are available to the authors:
e Wind speed (m/s)
Wind direction (°)
Composite reflectivity (dBZ)
Air temperature (°C)
Air pressure at sea level (hPa)
Relative humidity (%)
Solar irradiance (W/m?)

2.3 EUMETSAT satellite imagery

The European Organisation for the Exploitation of Meteorological Satellites
(EUMETSAT) was created through an international convention agreed by a current
total of 30 European Member States. Their primary goal is to establish, maintain and
utilize the European system of meteorological satellites. They offer multiple weather
products such as images of cloud masks, microphysics models etc. For the purpose of



this paper, the simplest product will be investigated — clm (Cloud Mask) which is
obtained via Meteosat Second Generation (MSG) Geostationary (GEO) satellites.
These satellites use an optical SEVIRI sensor to obtain cloud mask images.

clm products categorize surfaces into four classes, one of which is not processed
surfaces, leaving three classes that offer valuable information. Table 1. explains the
three classes and their representation on an image.

Table 1. Color meaning on clm images
Pixel Color ~ Description

B Clear sky over land
] Cloud
B Clear sky over water

Images were retrieved via EUMETSAT API for latitudes between 41° and 45° and
longitudes between 14° and 18°. In other words, the images cover an area of approx-
imately 444.4 km * 444.4 km. This area was chosen to have the island of Vis in the
middle and have enough of the surrounding area for further research (forecasting
cloud movement etc.). clm image resolution is approximately 2.2 km (one pixel co-
vers an area of approximately 2.2 km * 2.2 km). Fig. 2. shows examples of clm imag-
es. The red ellipsoid highlights the island of Vis. Fig. 2. (a) features a clear day with-
out much cloud coverage (few white pixels) while Fig. 2. (b) shows a cloudy day over
the Mediterranean. Although clm images are available in 5-min intervals, they were
retrieved at 15-min intervals for times corresponding to those of SE Vis production
measurements for easier data manipulation and analysis.




Fig. 2. (a) cIm image for 05.09.2020. 08:15 UTC — clear day (b) clm image for
14.09.2020. 05:00 UTC — cloudy day (c) key pixels for determining cloud coverage

3 Analysis

To represent satellite images as a time series variable, a simple transformation was
done. Only pixels part of the bounding box encompassing the entirety of the island of
Vis were taken into consideration (Fig. 2. (c)). Information from images was convert-
ed to cloud coverage (cc). For every time step t (image), the following was calculated:

P
cc, = —=
Pt

)

F. is the number of cloud pixels and F;,, is the number of total pixels. If relied solely
on the global Pearson's correlation coefficient (singular value for the entire time se-
ries), which stands at p = —0.28, the relationship between cloud coverage and pro-
duction would be considered weak. Fig. 3. displays the correlation coefficient calcu-
lated for each 15-minute interval of the day (00:00-23:45). The results indicate that
during the night hours when there is no production, the correlation is weak. In other
words, the night hours reduce the global correlation significantly. On the other hand,
for hours when there is irradiance and thus production, the dependence between cloud
coverage and production is relatively strong (2~ — 0.7).
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Fig. 3. Pearson correlation coefficient for cloud coverage and SE Vis production

To isolate the impact of cloud coverage, only the most significant WRF forecast will
be utilized hereafter. To effectively merge the 15-minute interval production data with
the forecast data, which is recorded in hourly intervals, the production data needed to
be averaged over hourly intervals. Fig. 4. shows the correlation between all available
meteorological parameters and SE Vis production. As expected, forecasts of solar
irradiance have the highest positive linear dependence with production (g = 0.89). As
the goal of this paper is to explore the effect of local clouds on production forecasting,



and not specifically the optimal production forecast, other meteorological phenomena
are disregarded. If developing and optimal forecast of production, exploring other
meteorological variables would be necessary. In the next subsection simple regression
models are used to determine the effect of cloud coverage on production forecasting.
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Fig. 4. Bar plot of correlations of meteorological parameter forecasts
SE Vis production

4 Model Training and results

To determine the impact of cloud coverage acquired from cloud mask satellite images
on power production, two simple regression models based on the same architecture
were trained. One is a base model as it only uses solar irradiance forecasts as inputs
while cloud model uses cloud coverage and irradiance forecasts as inputs. Comparing
errors of both models can clearly show if the inclusion of cloud coverage helps im-
prove production forecasting.

Ridge regression with the same level of regularization was used for both base and
cloud models. Samples (input, target) for every timestep t were created as:

snmpfeff’” = (irradiance,, production, ) 2)
samplef™¢ = ([irradiance,, cloud coverage.), production,)

Only the most recent WRF irradiance forecasts were considered. 70 % samples were
used for training, 15 % for validation and the remaining 15 % for testing. Models
were trained, validated, and tested only for hours of the day for which production was
measurable (night hours were disregarded). Fig. 5. shows the mean squared error
(MSE) for base and cloud models for each hour of the day of the test set. Scaled aver-
age production is also shown as the errors for peak production hours (7" to 14" hour
UTC) are more important than the ones which have less production. cloud model
outperforms the base model for almost all hours based on MSE.
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Fig. 5. MSE (base and cloud) for each hour of the day with scaled average pro-
duction for reference of error significance

cloud model performs even better when observing only peak production hours, with
the 12 hour exhibiting the largest MSE discrepancy (0.322 vs 0.421, 24 % differ-
ence). Table 2. condenses information from Fig. 5. and shows the improvements
made using clm images in one-hour ahead forecast production.

Table 2. Average MSE for total and peak hours

MSE (total) MSE (peak hours)
base 0.206 0.283
cloud 0.191 0.225
improvement 7.3% 20.5%

5 Conclusion and future work

It was shown in this paper that the simple inclusion of EUMETSAT satellite images,
specifically the cloud mask product, can greatly improve one-hour ahead production
forecasting. The findings of this research can be implemented by any solar power
plant operator to optimize management. Still, it needs to be mentioned that satellite
images are taken in real-time and not available in advance (an hour before). As this
paper is considered as an initial case study, cloud images were regarded as perfect
forecasts. Consequently, results of this work can be considered as best-case scenario
(having perfect forecast of cloud coverage). The authors recognize three important
factors that can be improved upon and potentially greatly improve one-hour ahead
production forecasts:

(i) Image representation as a single value to models resulted in information loss. To

improve upon this, more advanced transformations need to be explored.



(if) A simple linear architecture was used to investigate the effect of cloud infor-
mation on production forecasting. More advanced architectures need to be
explored. Namely, deep neural networks which can extract key
information from original images directly.

(iii) clm product does not differentiate between clouds. More advanced
EUMETSAT products can address this limitation. Namely, a microphys-
ics product (mphys) [11] categorizes clouds into five possible classes
which extends available information.

To create a viable model, cloud forecasts must be developed. This can be done us-

ing advanced algorithms such as deep neural networks using consequent images or

with motion estimation algorithms. However, the next step before cloud forecast-
ing, would be determining the most adequate EUMETSAT product (possibly
mphys) for tackling this issue.
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