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This thesis presents a process for forecasting the short-term hourly power
output of Photovoltaic cells using deep learning (DL) and self-organizing neural
networks (Self-Organizing Map, SOM), along with probabilistic calculations. The study
is divided into three parts: a comparative study to identify suitable models and
methods; a solution for increasing the accuracy of data-driven forecasting techniques
by utilizing self-organizing mapping to group datasets with similar correlation
characteristics as inputs to the model; and the use of probabilistic calculations to
determine the extent of prediction error. The comparative study was conducted
using six test cases to examine the impact of hyperparameter tuning, activation
function, normalization, seasonality, test set selection, and incomplete data sets.
Two test datasets were used: a 14 MWp rooftop solar system for cases 1-5 and a 1.5
MWp surface-mounted photovoltaic system at Suranaree University of Technology
for case 6. The results showed that the best-performing system was the rooftop solar
system, with a multilayer feedforward neural network model producing an average
mean absolute percentage error (MAPE) of 8.504% using a 70:30 data split for training
and testing. In contrast, the surface-mounted system achieved an average MAPE of
19.052% due to the high variability of the available data. Furthermore, an
optimization process was proposed to enhance forecasting accuracy by utilizing SOM
techniques. The results demonstrated that the average MAPE could be reduced to

4.90% using the rooftop solar system in case 1.



Additionally, probabilistic calculations were used to accurately identify the probability
range of electricity generation from solar cells, with a Prediction Interval Coverage

Probability (PICP) of 1 indicating full coverage of the forecasting period with a 100%
probability.
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