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Abstract. Concerns about greenhouse gas emissions lead to government incentives and lower prices of 

photovoltaic (PV) solar panels which in turn causes more extensive integration of renewable energy sources 

into the electric power system. Considerable integration of PV power generators into the power grid threatens 

power system secure operation due to unpredictable power fluctuations following cloud cover variations.  

Having at disposal accurate PV production short-term forecasts, a reduced volume of operating reserves 

would be necessary with the added possibility to engage slower-ramping units and a smaller amount of energy 

storage facilities. Considerable cloud spatial and temporal variability is a challenging task for numerical 

weather predictions using satellite images, but methods utilizing ground-based sky images successfully deal 

with it. In this paper, an overview of existing methods for short-term solar forecast will be presented following 

with research on how to improve them regarding forecast system equipment cost and accuracy. 

In the proposed research low-cost security cameras will be used to capture pictures of the sky providing 

input data for very short-term solar forecast at several different temporal scales. The accuracy of the proposed 

forecasting method will be compared with existing methods and actual solar radiation measurements on site. 

Also, the short-term solar forecast algorithm will be tested on a laboratory-scale microgrid model to evaluate 

the benefits of the proposed method in terms of microgrid optimal operation, potential advantages, and future 

improvements.  
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Introduction 
The global demand for renewable energy integration to the power grids highlights the importance of economic and technological issues 
associated with growing levels of flat-panel Photo- Voltaic (PV), Concentrated Solar Power (CSP), and Concentrated PV (CPV) 
penetrations into the power grid. There are concerns which arise from the variable nature of the solar resource, seasonal deviations 
inproduction and load profiles, the high cost of energy storage, and the balance between grid flexibility and reliability. As a result, solar 
plants are often backed by ancillary generators for periods of high variability, which increases the capital and operational costs of solar 
generation. For Independent System Operators (ISOs) or equivalent grid balancing authorities to be able to successfully integrate 
increased levels of solar power generation while maintaining reliability, accurate solar forecasts over several time periods are required. 
As solar penetration grows for the purposes of grid regulation, load-following production, power cheduling and unit commitment solar 
forecasts on multiple time horizons become increasingly important.  Short-term, intra-hour solar forecasts are particularly useful for power 
plant operations, grid balancing, real-time unit dispatching, automatic generation control (AGC) and trading. Forecasts for longer time 
horizons are of interest to utilities and ISOs for unit commitment, scheduling and for improving balance area control performance.  For 
planning operational and balancing needs of both the distribution and the transmission grids , a spectrum of solar forecasts is required.  
Solar forecasting is therefore crucial for the integration of ever increasing level of solar penetration into the grid because it improves the 
quality of the energy delivered to the grid and reduces the ancillary costs associated with weather dependency. Driving motivation for the 
development of a complex field of research that aims at producing better solar forecasting capabilities for the solar resource at the ground 
level and for the power output from different solar technologies that depend on the variable irradiance at the ground level has been the 
combination of these two factors (better energy quality through information that is capable of lowering integration and operational costs). 
Solar, wind and load forecasting have become integral parts of the so-called ‘smart grid concept’. To date, high-fidelity, robust solar 
forecast systems that work for widely different microclimates remain evasive. The problem is of great complexity due to the non-linear and 
chaotic effect of cloud motion on solar irradiance at the ground level. By aggregating diverse areas of knowledge such as atmospheric 
physics, solar instrumentation, machine learning, forecasting theory and remote sensing in its quest to better predictive skills, a number 
of promising approaches have been developed in the past few years, and the incipient research field of solar meteorology for renewable 
generation has grown considerably. This work presents an overview of the forecasting methods for solar resourcing and solar power 
generation, as well as the theoretical basis for the most promising methods, and a discussion on their effectiveness for operational use 
[1]. For as long as significant amounts of these renewable energy resources have been connected to the electric grid the forecasting of 
power generated by variable energy resources such as wind and solar has been the focus of academic and industrial research and 
development. The progress of forecasting capabilities has largely followed the penetration of the respective resources, with wind 
forecasting having achieved a more mature state-of-the-art compared to its solar equivalent. Still in the last 5 years, there has been 
substantial and material progress in the state-of-the-art of solar forecasting. Numerical Weather Prediction (NWP) models became more 
sophisticated in assessing cloud interactions with aerosols; infrared satellite imagery allowed discovery of pre-sunrise cloud formations; 
advanced data processing methods such as deep machine learning became increasingly accessible; probabilistic forecasts began 
replacing deterministic ones; and, in balancing areas with high PV penetration, solar forecasts are now used operationally. 
 
Photovoltaic forecasting and its link to solar forecasting 

Different uses of PV forecasts require different types of forecasts. Forecasts may apply to the aggregation of large numbers of 
systems spread over an extended geographic area or refer to a single PV system.  Forecasts may focus on the output power of systems 
or on its rate of change (also known as the ramp rate).  Accordingly, different forecasting methods are used. Data from weather stations 
and satellites, PV system data and outputs from numerical  weather prediction (NWP) models are some of the tools and information which 
forecasting methods depend on. Forecasting methods can be broadly characterized as physical or statistical. The physical approach uses 
solar and PV models to generate PV forecasts, whereas the statistical approach relies primarily on past data to “train” models, with little 
or no reliance on solar and PV models [2]. 
 
The importance and source of solar forecasting 

The solar industry has started paying attention to solar forecasting as a answer to increasing number of installed utility-scale PV 
plants and a growing need for predictable energy generation. The reasons behind this are: 

1. Solar generation is variable in nature. 
2. Being able to predict solar output will make the electric grid work better under variable conditions. 

Essentially, solar forecasting provides a way for grid operators to predict and balance energy generation and consumption. If the grid 
operator has access to a mix of generating assets at their disposal, reliable solar forecasting lets said operator best optimize the way they 
dispatch their controllable units.The applications of a solar forecast largely remains the same even though capabilities vary from grid to 
grid.First component which makes up solar forecasting tools is the weather model. As already mentioned, solar generation is variable by 
nature. Cloud cover causes this variability by impeding sunlight from hitting the solar panels. If you can predict the weather with a great 
amount of certainty, you’re already one step ahead.The second factor in a solar forecast is the model which uses weather model to predict 
utility plant power output.In predicting the performance of a PV plant under environmental conditions like irradiance, wind speed, 
temperature and relative humidity the solar industry uses these “PV simulation” models. PV simulation models also incorporate important 
plant behaviors such as tracking, which can predict the orientation of the PV panels mounted on single- or dual-axis tracking hardware. 
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Fig. 1 Small clouds, like the ones seen here, are ofter dificult to forecast, and can cause PV plants to output variable amounts of power 
over shorter time frames.’ 

Using mechanisms like imbalance/penalty charges and reliability curtailment to pass on the costs of grid imbalance to the market 
has become a common practive for grid operators. In the former example, imbalance charges are assigned to deviations from forecasted 
production to allow the market to replace missing energy. These types of penalties have existed with controllable generation to assure 
reliable power delivery to the grid operator but are now becoming an option for renewable plant operators that see economic value in 
using forecasts to schedule power. Accurate forecasting is definitely required to take on that type of additional risk.The operator can step 
down solar production to the forecasted amount to force grid balance. If a plant owner relies on poor solar forecasts stepping down solar 
production can be costly. 

 
Forecasting methods 

 In general, forecasting methods fall into two categories. Physical methods input weather data (e.g., temperature, pressure, surface 
roughness, and obstacles) into numerical weather prediction (NWP) models to create terrain- specific weather conditions, which can afterv 
be converted to energy production. Statistical methods use historic and real-time generation data to statistically correct results derived 
from NWP models. Persistence forecasting is a simple statistical method that assumes current generation levels will remain unchanged 
in the very near future. To evaluate more advanced methods, persistence forecasts are often used as a benchmark or reference model 
[3]. 
HER FORECAST 
1. Global horizontal 
Artificial intelligence models 

Theoretically, multilayered feedforward neural networks (NNs) can be universal approximators with any degree of accuracy and have 
tremendous capability to approximate any nonlinear mapping. 

 
 

Fig. 2 Typical structure of a feed-forward neural network. 
 

As an alternative to conventional approaches, artificial neural networks (ANNs) have been successfully applied to solar forecasting. A 
short-term solar irradiance forecasting model has been built based on a back-propagation (BP) neural network and time series that avoids 
over-fitting and is able to reach accurate solar irradiance prediction. Multilayer Perceptron (MLP) is utilized to predict the solar irradiance 
on the basis of 24 h realistic data from Trieste, Italy. The proposed MLP-model provides reference to grid connected photovoltaic plants 
(GCPV) and enchances the control algorithms of charge controllers. Considering the aerosol index as an additional input parameter to 
forecast the next 24-h PV power outputs, a PV [4] power forecasting model based on BP NN is proposed. Experimental results 
demonstrate that the proposed approach performs better than traditional ANN methods that consider temperature, humidity, and wind 
speed.  In [5], a large-scale PV plant located in southern Italy, three distinct ANNs are established to fit three typical types of days (sunny, 
partly cloudy, and overcast) for short-term forecasting of the power generated in said plant. ANN is applied to small solar panel to determine 
the highest representative of solar prediction horizon for small scale solar power system applications. Bayesian neural network (BNN) is 
proposed for estimating the daily global solar irradiation with the input parameters of air temperature, sunshine duration, relative humidity, 
and extraterrestrial irradiation, which has superior performance comparing with classical NN and empirical models.Wavelet based ANN 
approach is proposed to forecast solar irradiance in Shanghai, indicating that more precise  forecasts can be produced due to the 
application of wavelet [6]. 



 

 
International Conference on Innovative Technologies, IN-TECH 2017, 

Zagreb, 05. - 07.09.2018. 
  

 
 
 
Comparison of different solar forecasting methods collecting data in real time  
Testing grounds utilize two security cameras which continuously record the sky above them and send the data to the computer for analysis. Testing 

grounds also contain pyranometer which records solar radiation flux density (W/m2) from the hemisphere above. Recorded parameters are used as 

input dana for the model which uses said data to predict cloud movement  as well as their shadows which impact the solar panel production. For solar 
panel production forcasting model to work, training of an Artificial Neural Network is required. In classic programing, source code is created, in the 

case of AI soure code does not exist. There exists only data which is used for training and settings ,with which we define neural network. Accuracy of 
a Neural Network depends highly on input dana which the network is trained with and on settings which we had setup during the networks creation. 

For a more successfull training of a neural network , large quantities of neural networks input data from pyranometers output are needed. Because 

recording of atmospheric changes in a single day can be recorded only in limited time span throughout the day, an apsurd amount of time would be 
needed to collect sufficient input data . That is why a relative sun movement simulation over the hemisphere and realistic cloud movement simulation 

are needed. In such simulation, relatively short time is needed to create sufficient input dana which neural network uses for training. When solar panel 

production forecast using the simulation input dana reaches 95% accuracy, said network can be used in real life situations. 
 

Conclusion 

Artificial Neural Network (ANN) modeling offers improved nonlinear approximator performance and provides an alternative approach to 
physical modeling for irradiance data when enough data is available. ANNs are generic non-linear approximators that deliver compact 
solutions for several non-linear, stochastic and multivariate problems. Like regressive methods, ANNs perform well in both data-
rich/poor environments and are not typically temporally limited. These techniques have successfully modeled irradiance on intra-hour to 
yearly time horizons.By using Artificial Neural Network and relatively cheap security cameras, solar forecasting becomes significantly 
simpler. Which in turn enables usage in greater number of systems and easier renewable resources integration with already existing 
grid.Solar forecasting assists grid operators significantly to predict and balance energy generation and consumption.With increased 
integration of renewable resources in the system and with increasing prices of traditional energy sources needed for peaking power 
plants to work, solar panel production forecasting data becomes more valuable. 
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