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Abstract
The impact of intermittent power production by Photovoltaic (PV) systems to 
the overall power system operation is constantly increasing and so is the need for 
advanced forecasting tools that enable understanding, prediction, and managing of 
such a power production. Solar power production forecasting is one of the enabling 
technologies, which can accelerate the transition to sustainable energy environ-
ment. Short-term forecast information on the expected power production can assist 
existing forecasting techniques and enable efficient integration of renewable energy 
sources through the efficient energy trading, power system control and management 
of energy storage units. The paper presents an approach to predict local PV power 
output based on short-term solar forecasting using ground-based camera and ana-
lyzes the benefits of such forecast to the power system operation. PV power plant 
production data collected over 216 days is used to analyze the magnitude and energy 
contained in transients caused by changes in sky cover. Cost-effectiveness was cal-
culated with different scales of a power plant. An overview of the benefits for the 
transmission system operator is given. This overview considers the ways in which 
short-term forecasting can improve the efficiency of power management in an elec-
tric grid. A system cost-effectiveness analysis was carried out for electricity pro-
ducers that can use this system to generate more precise forecasts and thus reduce 
penalties for non-compliance with the anticipated production.
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1 Introduction

The negative climate impact of traditional energy sources leads to an increased inte-
gration of renewable energy sources (RES) into the grid. The increased integration 
of renewable energy sources brings with it the uncertainties of available genera-
tion. In particular, the dependence of the grid on weather conditions increases with 
increasing grid share RES, which in turn leads to more unpredictable electricity 
generation. The demand side of an electric grid is also weather-dependent, not only 
as a result of the increase or decrease in the energy required for household thermal 
management systems, but also because of the alternating increase in energy con-
sumption to compensate for the decline in local energy production.

To compensate for the changes in power consumption, controllable energy 
sources are needed. Some of the energy sources use technologies that can be 
scheduled. In the case of fuel-based technologies, there is the possibility of man-
aging the storage and usage of the resource, as is the case with most thermal and 
some hydropower generation technologies. Other technologies, however, make it 
impossible to control the resource, as is the case with wind and photovoltaic solar 
technologies. In these cases, where the resource used for power generation can-
not be controlled, other methods are used to control power plant output. One of 
the methods of controlling power output is not to exploit the available energy 
potential, i.e. curtailing power production. This means limiting the power plant’s 
renewable energy output to avoid excessive power production in the energy sys-
tem. Another method is to forecast the availability of resources and prepare the 
grid for upcoming events in power production (Catalão 2012). For this reason, 
forecasting has become a key component of power system planning to cope with 
the uncertainty in the production and demand of electricity. It is used in various 
applications such as reserve planning and activation, operational planning, power 
trading, short-term power trading, congestion management, etc.

A photovoltaic solar system (PV system) can operate in island operation mode 
or grid-connected mode. The islanded system normally consists of a micro power 
source (solar), a battery storage unit and local loads. However, most of today’s 
PV systems are grid-connected systems, consisting only of PV panels and a grid-
tied PV inverter. When they are connected to the grid, the operating conditions 
of the grid are changed in either a positive or negative way. Some examples of 
positive changes are the reduction of transmission line loads and increased volt-
age stability, while negative changes consist of undesirable frequency and voltage 
fluctuations (Enslin 2010). Grid-connected PV solar power generation has been 
growing rapidly in rural, urban and metropolitan areas around the globe [e.g. in 
Sweden, Germany, India and some parts of Africa) (Widen et  al. (2010)]. This 
should enable solar PV systems to deliver generated power locally and to other 
locations through the existing transmission and distribution network. This inte-
gration of solar PV power can lead to grid improvements or have negative effects 
on the steady state system operation parameters.

The integration of solar power can affect the reliability of power supply due 
to fluctuations in electricity generation, which in turn can affect the voltage 
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profile, voltage stability and protection of the transmission and/or distribution 
grid (Mulenga 2015).

In this paper, methods for predicting the production of solar panels are explained 
and an analysis of the annual solar energy production on a specific solar power plant 
is carried out. An analysis of two typical groups of cloudy days is performed and 
used to perform an analysis of the economic viability of the short-term forecasting 
system.

2  Why short‑term solar forecasting?

Renewable energy sources are experiencing exponential growth in power systems 
worldwide and pose new challenges to power system operations. These challenges 
are characterized by an increase in system uncertainty and variability over many 
time scales: from weeks, days down to hours, minutes and seconds. Research in this 
area has focused on the impact of solar forecasting across hours or days. This paper 
presents an analysis of the economic and reliability implications by utilizing a sim-
ple but effective forecasting method for solar PV in intra-day operation. The vari-
ability and uncertainty effects of PV power occur at varying timescales. PV power 
output can vary from second to second, from hour to hour. It is difficult to predict 
power output one day, one hour or even a few minutes in advance. It is therefore 
important to assess the impact of these technologies at different time scales and cli-
matic conditions. Forecasting is not a new concept in power systems, as load fore-
casting is a critical component of modern system operations, especially in systems 
with a high integration of renewable energy sources.

Most of the forecasting research that has been performed in the context of the 
power system planning and operation has focused on four key variables: electric-
ity demand, electricity prices, wind-based generation, and solar-based generation. 
Electricity Demand Forecasting with the use of deep learning proposed in Bedi and 
Toshniwal (2018), a comparison of the 27 state-of-the-art methods for predicting 
electricity prices (Lago et  al. 2018), various models for Forecasting Wind Power 
Generation and their limitations (Alencar et  al. 2017) and solar-based generation 
forecasting through analysis of 87 scientific papers (Pazikadin et  al. 2020). These 
four quantities are arguably the most important for utility companies and transmis-
sion system operators.

For the transmission system operator, knowledge of electricity demand is essen-
tial for power system planning, managing congestion, reserves purchasing, and 
ensuring that costs are minimized while electricity demand is ensured. Similarly, 
utilities can benefit from electricity demand forecasting in a number of ways, such 
as operational planning, optimized use of battery storage, etc. Short-term forecasting 
can improve existing forecasting methods by introducing greater temporal precision.

For a large number of studies, the time interval of the collected and processed data 
is too long (15 to 60 min). In these studies the fluctuation within a short time interval 
is neglected. It is therefore very important to increase the frequency of data collection 
and use it for a more detailed analysis (Anvari et al. 2016). This paper shows that the 
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short-term forecasting system becomes cost-effective due to the high number of short 
fluctuations in solar power production during the claudy or partiali coludy day.

With the increasing integration of RES, the volatility of electricity prices has 
increased significantly. For this reason, accurate forecasting of electricity prices is of 
paramount importance for utilities to successfully trade electricity, program backups 
and scheduling processes. In the European Union, wind and solar power generation, 
respectively, represent the second and third largest share of RES, only after hydro-
power, which is not relevant in this case due to its relatively stable nature.

The local use of solar power generation leads to a more unstable demand power 
curve with limited possibilities to forecast it. Short-term solar forecast based on cloud 
imaging (Golden and Paulos 2015) can be used in a system that covers the entire urban 
area and can therefore more reliably forecast short-term solar irradiance dips and thus a 
correlating burst in energy demand. Consequently, accurate forecasting of solar genera-
tion is crucial for both the transmission system operator and the utility companies. As 
before, the transmission system operator needs to forecast solar generation in order to 
purchase reserves, anticipate possible congestions, schedule power systems, etc. Like-
wise, for utility companies, these forecasts are essential in order to perform power trad-
ing and process planning.

2.1  Variability in solar photovoltaic production

The true variability in the production of solar power plants is not known if one does 
not look at the time scale of seconds on witch spikes and brief dips in power produc-
tion occurs. The detection of variability of electricity production on solar power plants 
should not be measured by using the average value of production within a few min-
utes, but with the highest possible resolution of input data. Measurements at intervals 
of a few seconds or less show that the variability of energy produced is significantly 
greater than it appears when the interval is longer. Greater variability in production is 
smoothed out by taking an average value over a period of time (Anvari et al. 2016). 
This fact alone indicates the impact of solar power plants on a system that has so far 
been neglected. In power plants with larger areas the variability of energy produced 
decreases due to the mutual cancellation of the influence of shadows caused by clouds 
on electricity production. The change in electricity production is slower because takes 
more time to overshadow the entire power plant. With power plants with smaller areas, 
which are most often power plants on private homes, the situation is significantly dif-
ferent. With them, the shadow drastically reduces the production of the entire power 
plant in a very short time. This is the case because the surface area of such power plant 
is small. The information used in this paper about the production of a solar power plant 
was collected on a 5 × 5 meter power plant (Frankovic et al. 2017) in intervals of 45 s. 
This power plant is small in area and describes home solar installation systems well.

2.2  Curtailment of renewable energy

The increased share of renewable energy sources has a positive effect on the envi-
ronment, but not on the electricity grid. The electrical grid needs to be modified to 
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accommodate renewable energy sources. The change is necessary because, unlike 
previous methods, energy production from renewable energy sources is unpredict-
able, which has a negative effect on the stability of the electriccal grid.

The low share of renewable energy sources in the energy mix has less negative 
effects on the grid, and the grid itself can withstand the variability of renewable 
sources in its current state. As the number of installed renewable energy power 
plants increases, so do the difficulties in the power grid.

Curtailment of Renewable Energy is one way of controlling the production of 
electricity from renewable sources. It has the advantage of allowing more renew-
able energy to be fed into the grid without any changes to the grid, but this method 
also has a major disadvantage. The disadvantage is that the production of electricity 
is restricted if it is calculated that this production could disturb the stability of the 
system. In this way, the full potential of renewable energy is not used, which reduces 
its positive impact on the environment, negatively affects the profitability of new 
projects and thus slows down the overall transition. In the following, an economic 
analysis is carried out to determine the real impact of the restriction to the use of a 
small solar power plant.

Curtailment typically occurs under the directive of the system operator with the 
aim of maintaining the stability of the electrical system. In the U.S., losses are gen-
erally around 4%, but this percentage increases with a higher share of renewable 
energy in the energy mix (Golden and Paulos 2015).

2.3  Electricity price forecasting

The electricity price is an important signal for all participants in the electricity mar-
ket and the motive behind most of their activities. Price forecasts play an important 
role in today’s power markets and are the most important input data for market par-
ticipants. Companies trading in the electricity markets make extensive use of price 
forecasting techniques, either to make bids or to hedge against volatility. However, 
despite the importance of electricity price forecasting, it is a complex signal for 
forecasting.

The frequency stability of the power supply system requires a constant balance 
between generation and load. In short timescales, most electricity consumers are 
unaware of the price of electricity. In addition, transmission bottlenecks can pre-
vent free exchange between different regions. These facts lead to extreme price vola-
tility or even to price spikes in the electricity market. In addition, the volatility of 
the fuel price, load uncertainty, fluctuations in hydropower production, generation 
uncertainty (outages) and the behavior of market participants also contribute to the 
uncertainty of the electricity price (Catalão 2012).

The electricity price signal shows extreme jumps of orders of magnitude that are 
rare and frequent in the financial markets. The uncertainty of the hourly load and 
some other stochastic signals, such as plant failures and fuel prices, are combined, 
which leads to a higher level of uncertainty in the electricity price (Amjady and 
Hemmati 2006). Furthermore, the electricity price is a nonlinear time-variant map-
ping function of its input characteristics, which changes nonlinearly with respect to 



 A. Jakoplić et al.

1 3

variations of the inputs. For example, load demand is an important driver for the 
electricity price. However, load fluctuations at low and high load have different 
effects on the electricity price. Furthermore, their variability over time is related, 
for example, to discrete changes in participants, to strategies (e.g., agents decide 
to move from conservative behaviour to more aggressive or risky behaviour), or to 
changes in market rules. For a discussion of the other characteristics of electricity 
price time series such as multiple seasonality (e.g. daily and weekly periodicity), 
high frequency changes and high percentages of unusual prices (outliers) can be 
found in Reference (Amjady and Hemmati (2006)).

It is clear from the above that the high variability and unpredictability in the pro-
duction of energy from renewable energy sources makes it even more difficult to 
forecast the price of electricity. As the number of installations of new solar power 
plants of smaller and larger capacities increases, the anticipation and management of 
the constitution becomes more and more difficult. This fact alone increases the need 
for new instruments that take into account the characteristics of renewable energy 
sources when predicting the price of electricity in order to predict the price of elec-
tricity more accurately and thus increase the stability of the electricity system.

In order to develop new instruments, a more detailed analysis of the problem 
itself is necessary. Therefore, this paper provides an analysis of data on the produc-
tion of small solar power plants, focusing on the climatic conditions in which solar 
power plants have the most negative impact on the grid.

2.3.1  A brief overview of electricity price forecasting

In For short-term price forecasting, the forecast step usually ranges from a fraction 
of an hour (e.g. 5, 15 and 30 min) to an hour. The forecast horizon can be between 
1 h and 1 week ahead. However, the most common forecast horizon for short-term 
price forecasting is the next day, which is used in day-ahead electricity markets. 
More recently, however, the grid has begun to change due to the increased use of 
renewable energy sources for electricity generation (Joskow 2019). Smart grid 
components that rely on the exact price of electricity to decide on savings are also 
beginning to have an impact on energy consumption and energy management (Gol-
mohamadi et al. 2019). Therefore, short-term price forecasting is becoming increas-
ingly important, which implies a need for research in the field of short-term forecast-
ing of electricity generation from unpredictable sources. Such short-term forecasting 
would also facilitate the prediction of electricity prices, which can affect competi-
tion, efficiency, consumer surplus and the overall revenues of players in the electric-
ity markets (Catalão 2012).

3  Methodology

The aim is to gain empirical insights into the extent of changes in photovoltaic elec-
tricity generation due to cloud dynamics and the magnitude of the associated energy 
losses. Detailed and usable input data are required to perform the analysis. These 
data must be collected and stored for all future analyses. This paper uses a simple 
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but effective data analysis method to extract information about fluctuations in energy 
production. Average numbers and orders of magnitude of these fluctuations in dif-
ferent specific cases are used to approximate the cost savings that are possible with 
the methods that allow the integration of renewable energy sources into the grid.

For this study, the density of the input data is crusial. A higher resolution shows 
fluctuations in power production that would otherwise be neglected due to the 
smoothing effect of the averaging algorithm. This underlines the necessity and eco-
nomic feasibility of short-term forecasting systems.

3.1  Collection and analysis of data

In order to conduct an analysis of the economic viability of the short-term photovol-
taic forecast system, the collection of the input data is required. Input data consist of 
the number of cloudy days per year and variations in the photovoltaic power genera-
tion during those days. Once the input data is determined, it is possible to calculate 
average daily energy that needs to be replaced using other energy sources such as 
peaking power plants. Generation of electricity in such power plants is more expen-
sive than the production of the same energy in the base power plants, which leads to 
an increase in electricity prices.

By analyzing the derivation of power production in time, data is collected on the 
number of power output changes during the day, as well as on the magnitude of each 
such change.

With this information, it is possible to determine the amount of energy needed to 
compensate for drops and spikes in power production caused by photovoltaic power 
plants.

To obtain information about the variability of the production output of a photo-
voltaic power plant, it is necessary to process the collected data. The data are col-
lected during the year and contain information about the production with an interval 
of Δt = 45 s.

The difference in production within a given time period  (XΔt) can be calculated 
using expression (1), where the step size  XΔt can have positive and negative values. 
where t is the time of recording and Δt is the duration of the period in which the 
analyses are carried out.

The table with information on energy production over time should be processed 
so that the above formula is used for all subsequent data to obtain a new table with 
information on the change in production within the last Δt.

With the help of the recalculated values we can get an insight into the extent of 
the production changes over a certain period of time (in the case used in the work 
this period is one day).

With the sum of the changes in the power ΔP/Δt for several successive measuring 
points, it is possible to obtain information on the change in production over a longer 
period of time.

(1)XΔt = X(t + Δt) − X(t)
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3.1.1  Number of overcast days

Daytime is the period of the day during which the observed location experiences 
direct sunlight. The length of the daytime depends on the geographical loca-
tion and the time of year. Using the aforementioned information and the weather 
information for certain regions it is possible to get the average number of sun-
shine duration in hours per year. Figure 1 shows a map of Europe with a chart 
showing the sunshine duration in hours per year in different parts of Europe.

In this paper, the sunshine duration of the city of Rijeka, Croatia, is used. The 
data is collected from the site Current Results/weather and science facts (https ://
www.curre ntres ults.com) that provides useful summaries of published data and 
research papers regarding weather data.

Table  1 gives yearly averages of how much sunlight urban areas get in the 
Republic of Croatia. The table gives three distinct values as a “measure of sun-
light” for selected cities. The parameter “% Sun” represents the usual percent-
age of daylight hours during daylight. “Hours” gives the total hours of sunshine 
annually. “Days” is the typical number of days on a per year basis when clouds 
covered the sun for no more than 20 of the time. The weather data presented in 
Table  1 is calculated using the data collected during the period from the year 
1971 to the year 2000. Data shown in the table suggests that sunshine duration 
varies greatly among cities in a relatively small region. For this reason, data used 
in this paper is collected at the meteorological station shown in Fig. 2 which is 
located on the main building of the Faculty of Engineering, University of Rijeka, 
at a distance of 80 m from the solar power plant whose data is used in further 
analysis.

Fig. 1  Sunshine duration in Europe (Grubisic et al. 2015)

https://www.currentresults.com
https://www.currentresults.com
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Analysis of data collected by the meteorological station suggests that during 2018 
there were 145 cloudy days at the location of the solar power plant. This data will be 
used for further analysis although the number of cloudy days during the year varies 
with respect to the observation site and the year for which the data were collected. 
The total yearly number of cloudy days was determined by comparing the produced 
energy for each day of the year with the produced energy of the first adjacent day for 
whom recorded data suggest clear sky weather, therefore maximum possible pro-
duction. If the energy produced on that day was less than 50% of the nearest sunny 
day energy production, it was assumed that the day was cloudy.

3.2  PV plant’s power output fluctuation during cloudy weather

The dynamic nature of the analyzed system requires a high data-sampling rate in 
order to observe all transients in power production. Such data is used to determine 
the frequency of occurrence of changes in production, the absolute value of that 
change and the speed at which the PV plant power output changes. The data set 
used for the analysis was obtained from measurements performed at the Riteh-1 PV 
power plant shown in Fig. 3, located in front of the Faculty of Engineering, Univer-
sity of Rijeka. The rated power of the PV plant is 3.5-kilowatt (kW). The PV panel 
are mounted on a dual-axis solar tracker system (Frankovic et al. 2017). The data 
was measured with a 45-s time interval from 07/05/2019 to 08/12/2019 and stored 
on a server (https ://fne-test-app.herok uapp.com). The data measurement period is 

Table 1  Meteorological data for 
selected cities in the Republic of 
Croatia (https ://www.curre ntres 
ults.com)

City Rijeka Hvar Zagreb Varaždin Osijek

% Sun 55 65 47 51 45
Days 76 124 49 56 72
Hours 2190 2738 1898 2008 1898

Fig. 2  Meteorological station 
located on the main building 
of the Faculty of Engineering, 
University of Rijeka

https://fne-test-app.herokuapp.com
https://www.currentresults.com
https://www.currentresults.com
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suitable for analysis since there was a large diversity in weather conditions through-
out the period at which the measurement was performed. Of the 216 days for which 
the data were measured at the high temporal resolution, 142 days have the usable 
data which is a sufficient data set to perform the analysis. Weather conditions for 
those 142  days are categorized into four groups using cloudiness levels—cloudy 
(24 days), mostly cloudy (41 days), partly Sunny (33 days) and sunny (44 days). The 
data for the remaining 72 days are not used in analyses due to gaps in recordings 
caused by unreliable connection to the power plant and server maintenance.

For the calculation, two characteristic weather-condition groups are used. The 
first characteristic group (group A) consists of days that had clear sky weather con-
ditions with occasional clouds casting a shadow on the power plant, while the other 
group (group B) consists of days that had overcast days with occasional sunlight 
reaching the power plant. Graphs that show power production for one of the days in 
each of these two characteristic groups are shown in Figs. 4 and 5.

The number of clouds passing over the PV power plant varies considerably from 
day to day, therefore, for the research purposes of this paper, selected groups of days 
are created. Group A consists of the aforementioned PV power plant production 
data on the following dates: 23/05/2019, 18/06/2019, 16/07/2019, 3/08/2019 and 
7/08/2019 while group B consists of data for 26/05/2019, 14/07/2019, 18/07/2019, 
2/08/2019, 12/10/2019 and 4/11/2019.

Group A describes days where has been a large number of small clouds passing 
over the PV plant, which results in a large number of significant changes in energy 
production with each change having a short duration. The graph presented in Fig. 4 
shows numerous changes in power production for the one selected day. Group B 
(one selected day is shown in Fig. 5) describes completely cloudy days with periods 
in which there were short breaks in the cloud layer leading to spikes in production.

Fig. 3  PV plant “Riteh-1” (Frankovic et al. 2017)
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The second graph in Figs. 4 and 5 shows the time derivative of power produc-
tion that gives changes in production for two selected characteristic days. The 
time differential Δt is 45 s, the same time that is used for capturing the data. The 
graphs show a large number of changes in power production levels that have a 
relatively large amplitude compared to production before and after the transient.

The threshold values of power production magnitudes, used in further analysis, 
are shown in Table  2. The second row gives relative threshold values. Various 
applications such as electricity generation forecasting, energy storage require-
ments calculation, rotating reserve level selection, and voltage stability calcula-
tions use different amplitudes of power change as the lower limit of input data. 
For this reason, production changes are classified according to different threshold 
values so that the obtained results can be used in different applications such as 
reserve planning and activation, operational planning, electricity trading, short-
term power trading, congestion management, etc.

Table  3 shows the average number of transients in the electricity production 
level recorded on the solar power plant through the characteristic days divided 
into two groups described above. The first column shows the relative change in 
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power production within 45 s while the second and third column shows the aver-
age occurrence of that change in the given group of characteristic days. The sec-
ond column depicts the average data for group A, partially cloudy days, while the 
third column depicts the average data for group B, overcast days.

4  Results

Table 4 depicts the energy levels during the transients caused by the change in 
cloud cover. Values are classified into the minimum change threshold groups 
described above so the data can be used in different applications. Likewise, 
groups A and B describe different weather conditions scenarios further divided 
into absolute transient energy, as well as the energy during the ramp-up and 
ramp-down events. Energy levels are shown in absolute values as well as the 
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relative levels to the total energy produced on an observed day. Values presented 
in Table 4 are the mean value for all of the days within the group.

4.1  Losses due to power limitations

To mitigate the adverse effect of unpredictable changes in PV power plant pro-
duction, the output limitation method can be used. By this method, the power 
output is limited to a value with a small difference compared to the power before 
the increase in production. This, in turn, means that in a partially cloudy day the 
power output is limited to the amount of a local minimum in produced power, 
which significantly reduces the produced energy through that day. In the other 
case, the power production on an overcast day, in moments when the clouds 
clear up over the PV power plant, is retained to the last stable value. Figure  6 
shows data of available and produced energy for both cases. Data used in Fig. 6 is 
recorded on the dates 28/03/2019 and 3/04/2019 respectively and represents the 
types of days contained in groups A and B.

Available energy, limited output energy, and lost energy, which is a difference 
between available and lost energy, are shown in Table  5. The lost energy is also 
shown as a relative value which one enables to use it as a guideline for calculating 
gained and lost energy in PV power plants of different size (rated power). In case of 
larger power plants, losses can be lower due to the larger surface area they cover, and 
thus slower power production changes of such power plants (Anvari et al. 2016). On 
the other hand, larger power plants produce more energy that has a greater impact to 
the power system and gives greater economic losses due to lost power (energy).

Table 3  The number of 
transients in groups A and B

ΔP Group A Group B
Average (n) Average (n)

ΔP > 70%Pn 1 0.8
ΔP > 60%Pn 4.8 3.4
ΔP > 50%Pn 8 7.2
ΔP > 40%Pn 13.4 12.8
ΔP > 30%Pn 20.2 22.6
ΔP > 20%Pn 33 38
ΔP > 10%Pn 55.4 61.2
ΔP < − 10%Pn 53.4 63
ΔP < − 20%Pn 34.4 35.6
ΔP < − 30%Pn 20.4 21.2
ΔP < − 40%Pn 13 13.2
ΔP < − 50%Pn 7.6 7
ΔP < − 60%Pn 4.4 2.4
ΔP < − 70%Pn 0.2 0.8
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4.2  The estimated cost of lost energy

The electricity price on the electric energy market changes every hour, which 
excludes the possibility to calculate economic losses with one particular electric 
energy price. For this reason, the results of the following calculations are used as 
a framework value which can be used to estimate the actual savings that would be 
achieved with the electricity forecasting system through the better use of avail-
able renewable energy sources. Calculated cost savings can help determine justi-
fication for the installation of the short-term forecasting system.

The electricity price used in the following calculations was rounded to 50 €/
MWh, using the data set by the European Commission (https ://ec.europ a.eu/energ 
y/en/data-analy sis/energ y-price s-and-costs ).

Table 6 shows the values of annual economic losses caused by missed oppor-
tunity to sell electric energy by not using the available renewable sources. Eco-
nomic losses are shown for some typical PV plants with rated power of 3.5, 10, 
100, 500 and 1000  kW. Those values are used to present the data in a usable 
way for feasibility calculations. Input data used to calculate the economic losses 
shown in Table 6 was explained earlier in the paper. These input data are: energy 

Table 4  Energy levels during the transients

Power output ramp rate
Absolute (W) ΔP > 350 ΔP > 700 ΔP > 1050 ΔP > 1400 ΔP > 1750 ΔP > 2100 ΔP > 2450
Relative (% Pn) ΔP > 10 ΔP > 20 ΔP > 30 ΔP > 40 ΔP > 50 ΔP > 60 ΔP > 70

Group A
 Overall change in power production:

Absolute (Wh) 1386.92 1131.26 841.12 627.48 417.62 263.38 37.95
Relative (%) 6.05 4.93 3.67 2.74 1.82 1.15 0.17

 Ramp up:
Absolute (Wh) 697.44 559.54 420.73 317.62 212.75 137.21 31.74
Relative (%) 3.04 2.44 1.84 1.39 0.93 0.60 0.14

 Ramp down:
Absolute (Wh) 689.49 571.72 420.39 309.86 204.87 126.17 6.21
Relative (%) 3.01 2.49 1.83 1.35 0.89 0.55 0.03

Group B
  Overall change in power production:

Absolute (Wh) 1353.56 1029.20 739.14 506.78 306.19 141.06 42.75
Relative (%) 5.90 4.49 3.22 2.21 1.34 0.62 0.19

 Ramp up:
Absolute (Wh) 680.26 530.49 380.69 252.88 156.61 81.75 21.78
Relative (%) 2.97 2.31 1.66 1.10 0.68 0.36 0.10

 Ramp down:
Absolute (Wh) 673.30 498.71 358.45 253.91 149.59 59.31 20.97
Relative (%) 2.94 2.18 1.56 1.11 0.65 0.26 0.09

https://ec.europa.eu/energy/en/data-analysis/energy-prices-and-costs
https://ec.europa.eu/energy/en/data-analysis/energy-prices-and-costs
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price, yearly number of cloudy days and daily energy loses of 4.64 kWh, as a 
mean value for the two characteristic days shown in Table 5.

The results show that the use of a relatively low-cost solar forecasting sys-
tem based on security cameras described in Jakoplic et al. (2018) and shown in 
Fig. 7 would pay itself in only one year in the case of larger solar power plants.
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Fig. 6  Power output with and without implementing the power output limitation method

Table 5  Available energy, limited output energy, and lost energy

Available energy 
(Wh)

Limited output 
energy (Wh)

Lost energy (Wh) Lost energy (%)

Case A 22,724 15,434 7290 67.92
Case B 7819 5822 1997 74.46



 A. Jakoplić et al.

1 3

5  Discussion

From the results presented in Table 4, it can be seen that energy produced during 
the transients with high magnitude occur rarely thought the days included in two 
described groups. On the other hand, if the total transient energy is taken into 
account, the transient energy amounts to around 5% of the total energy produced 
in the observed days.

For PV power plants with lower installed power, changes in the output power 
do not adversely affect the power system. In recent times, the integration of 
renewable sources into the power system is rapidly growing, which introduced 
PV power plants with higher rated power. PV power plants which has relatively 
high rated power have a bigger impact on the power grid during unpredictable 
changes in power output caused by the changes in solar radiation. For this reason, 
data is presented in absolute and relative values making them useful for all sizes 
of PV power plants.

When using the data for the analysis of the transient energy of larger PV power 
plants, it should be taken into account that the weather depends on the region in 
which power plant is located, so the obtained data should be recalculated taking 
into account the average number of cloudy days for that region.

Table 6  Annual economic losses

Nominal power (kW) 3.5 kW 10 kW 100 kW 500 kW 1000 kW
Economic losses (€) 34 96 962 4810 9619

Fig. 7  Solar forecasting system based on security cameras
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Likewise, for larger power plants, the transient effects can be mitigated. Clouds 
can shade only one part of a power plant, while the rest of the power plant can func-
tion normally. In addition to shading, the same effect occurs with occasional sun-
light beam reaching the panels on an otherwise cloudy day, although the power plant 
is of high nominal power, such events can produce relatively small increases in pro-
duction power in relation to the same event occurring over a smaller power plant.

From the results presented in Table 5, it can be observed that considerable energy 
is lost if the output energy is limited. The use of energy storage would solve this 
problem, but high investment costs associated with energy storage technology is the 
most important limiting factor preventing significant integration in today’s power 
systems. Reduction of energy losses is also possible by short-term forecasting of 
energy production for power plants where there is no control over the input resource 
(solar and wind energy). Short-term forecasting can foresee an upcoming change in 
production for up to 10 min ahead and enable the power system operators to pre-
pare for the imminent RES power change. Therefore, the power system operator can 
redispatch other dispatchable power plants. Likewise, if battery packs are installed 
in the system, their utilization can be optimized with the use of information for 
upcoming events.

For instance, if the rise in available energy is forecasted, the storage system can 
inject stored energy into the grid and thus free up storage capacity for upcoming 
events, likewise, if short-term forecast suggests a dip in available energy, the storage 
system can store more energy and thus have available energy when PV power plant 
output dips.

6  Conclusion

Short-term solar forecasting allows power system operators to prepare the system for 
upcoming changes in the production level of the PV power plants. This tool greatly 
helps in days when solar power production is characterized with sudden changes in 
output power. Apart from giving the system operator enough time margin to prepare 
for upcoming changes in solar production level, adequate solar forecasting makes 
possible maximum utilization of solar energy potential.

With increased share of solar power plants in the electricity generation pool, 
problems that unpredictable renewable energy sources bring also increase. It is nec-
essary to prepare the system for greater integration of not only large solar power 
plants but also those with relatively small rated power. Such small PV power plants 
are usually connected on the consumer side, which the transmission system operator 
cannot directly manage, but in theory, prediction of their power production can be 
made by predicting solar radiation in a specific geographical area.

On the other hand, the negative impact of renewable energy sources can be 
reduced by limiting the output power and thus obtaining more stable output power. 
Nevertheless, the limitation of output power has its own shortcomings. If the pro-
duction of a solar power plant is limited due to major changes in its production, loss 
of energy is introduced that otherwise would be produced from a clean, renewable 
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energy source. Therefore, it is necessary to predict with a great level of certainty 
near-future levels of PV power plant generation to lower the amounts of lost energy.

In cases where the photovoltaic energy output is not limited, but that energy is 
released into the system, other power plants in the power system must reduce their 
output to maintain the overall balance of the produced and consumed power in the 
system. The use of high ramp rate power plants not only results in an increase in 
electricity prices but also in the increase of harmful emissions. High ramp rate 
power plants have considerably lower efficiency, and because of the type of fuel 
most commonly used, less favorable for the environment.

It is clear from this study that short-term transients in power generation are not 
negligible; in some reaserch papers transients are not even seen due to the insuf-
ficient frequency of input data containing information on power plant production. It 
has also been shown that transients occur not only on days with partial cloud cover, 
but also in the opposite case (cloudy days with occasional sunshine), where power 
plants that do not use the curtailment bring disturbances into the system that need to 
be smoothed out.

The system in its current state allows easy integration of renewable sources, but 
this article is forward-looking. With the increasing installation of low power solar 
power plants (systems on private, commercial and parking lots), these power plants 
will have a greater impact on the grid. In this paper, the impact of such a power plant 
on the system is presented. Simulating the effects of a combination of several such 
power plants requires additional research.

By simulating the movement of individual shadows caused by a cloud through an 
inhabited area (a certain percentage of houses have their own power plant installed), 
it is possible to determine the overlap of spike curves and the overall impact of such 
a system on the grid. These results can be useful for the system operator, and the 
work done in this paper can serve as a starting point to move in that direction.

To conclude, the paper presents empirically gained knowledge upon the scale of 
changes in photovoltaic power production due to cloud dynamics and the magnitude 
of associated energy losses. Data presented in this paper can be used for cost–benefit 
analysis of the short-term photovoltaic power production forecasting system.
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