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Abstract

Photovoltaic (PV) energy systems are one of the most significant renewable
resources, requiring efficient solutions for solar power generation and mainte-
nance. Accurately predicting PV energy generation and solar radiation is essen-
tial for managing grid maintenance and making energy market decisions. This
study proposes prediction models based on the use of deep learning, including
convolutional neural networks (CNN) and long short-term memory (LSTM)
networks, to fill the gap in big data analysis as more renewable energy data
is collected. These models will be compared with traditional machine learning
methods including Artificial Neural Networks (ANN) and Support Vector Re-
gression (SVR). Data from the GAPYENEV Centre at the University of Harran
is used to implement predictive models. Several prediction error metrics such
as MAE, MSE, RMSE, R? and accuracy are used to evaluate the predictive
ability of the models.
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Introduction. Energy consumption is growing due to population and indus-
trial development, leading towards the need for alternative energy sources such
as solar power. PV energy systems transform solar power into electrical energy,
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providing clean, non-polluting, and reliable energy [1|. Solar energy has poten-
tial in preventing climate change by reducing harmful emissions [2|. PV energy
is abundant, cost-effective, environmentally friendly, and accessible, making it a
promising solution for future energy needs.

Solar radiation forecasting is essential for predicting the power output of PV
systems. Research in solar radiation forecasting for PV systems underscores the
importance of precise and reliable predictions for optimizing energy generation,
grid integration, and overall system efficiency. Various studies have proposed
different methods for forecasting solar radiation, which, in turn, aids in predicting
PV power output. These models use data processing techniques to generate a
prediction framework, categorized into physical, statistical, and hybrid methods
[3]. Techniques such as machine learning, metaheuristics, binary trees, factor
analysis, and deep neural networks have been utilized for accurate solar radiation
prediction [4-6]. These methods significantly enhance the accuracy of PV power
forecasts, ensuring the successful integration of solar power into the electrical grid
[7]. Furthermore, the integration of big data analysis in solar radiation forecasting
has gained traction [8]. Big data technologies offer the capability to process vast
amounts of data efficiently, which is crucial for handling the complex and diverse
data sources involved in solar radiation prediction [9].

Deep learning is a sophisticated machine learning method that uses multiple
layers for abstraction and processing to learn from raw data representation [10,11].
This method, which automatically uncovers and learns characteristics from raw
data, has gained significant attention in various research areas such as medicine,
industry, robotics, image processing, object detection, and finance. For instance,
HuaNG and Kuo [12] proposed a multiple-input deep convolutional neural net-
work model for short-term PV power forecasting, incorporating meteorological
data and historical PV system output. ASLAM et al. [13] investigated deep learn-
ing models for long-term solar radiation forecasting, underlining the significance of
accurate predictions for assessing PV panel energy potentials. The amalgamation
of big data analytics with deep learning models can further improve the accuracy
of solar radiation forecasting in PV power systems [14]. Time series forecasting
systems rely on data from past and present states, utilizing statistical techniques
for linear correlation and stationarity. However, these techniques struggle to iden-
tify intricate patterns in time-series data, necessitating the use of deep neural
networks to develop reliable prediction models [15].

Moreover, analyzing the forecast accuracy of solar radiation is vital for the
future operation of power systems, particularly concerning frequency regulation
and generation reserve estimation. Accurately predicting solar radiation not only
impacts the immediate power output of PV systems but also influences the overall
stability and reliability of the power grid.

This study presents prediction performance comparison of the forecasting
models based on deep learning methods such as Convolutional Neural Network
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(CNN) and Long Short-Term Memory (LSTM) network with typical machine-
learning models such as Support Vector Regression (SVR) and Artifical Neural
Network (ANN). The comparison with existing machine-learning models high-
lights the proposed deep learning model’s higher performance and efficacy, no-
tably in extracting temporal patterns and informative properties from solar plant
data. This study advocates using a high-performance computer environment for
big data analysis in the development of solar radiation forecasting models, with
the goal of filling a content gap in solar radiation forecasting.

Methodology. A particular form of machine learning technology known
as deep learning simulates how the human brain observes, assesses, learns, and
renders decisions on complicated issues. As top-level features are taken from lower-
level features to create a hierarchical representation, deep learning is structured
around learning several feature levels or representations of data. A substantial
amount of data is processed in mathematical structures that occur in layers by
this representation, which learns from numerous levels that correspond to various
levels of abstraction [11]. When such an intense processing procedure is included in
a deep learning framework, high performance computers should be employed [16].

The most popular deep learning models are CNN and LSTM. CNN is a spe-
cialized type of multilayer neural network that can extract attributes from input
data powerfully and is supported by several reliable sources [17]. The input data’s
features are automatically retrieved via the convolution process and passed along
to the following layers. As illustrated in Fig. 1, the fundamental levels of the
CNN multilayered structure are an input layer, convolution layer, pooling layer,
fully connected layer, and output layer [18,19].

LSTM was developed in the context of Recurrent Neural Network (RNN) in
the late 1990s as a particular type of method for modelling sequential data. Long-
term dependencies can be learned by LSTM, which is a substantial gain over
previous RNN designs. This capacity enables it to properly consider input from
past time periods, overcoming the gradient disappearance problem inherent in
standard RNNs. The claim that the architecture of LSTM performs learning that
takes into account information from previous time periods is supported by the fact
that LSTM is specifically designed to capture and utilize long-term dependencies
in sequential data [20].

In this study, our primary goal in comparing deep learning models such as
CNN and LSTM is to take advantage of their features in order to create an effective
model for forecasting solar radiation.

Data and preprocessing. In this study, we present a methodology for de-
veloping and comparing prediction models for existing PV systems. Our data is
sourced from the solar power plant and meteorological station at the GAPYENEV
Center, Harran University in Sanliurfa, Turkey. The dataset encompasses histor-
ical weather and solar energy data from the solar power plant (Harran GES)
and the GAPYENEV Center’s meteorological station. The solar power plant has
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an installed capacity of 5314.32 kWp and includes 5 inverters (ABB PVS800-57-
1000kW-C) along with 16104 PV panels (LG Electronics LG330N1C-A5). The
dataset contains 245 692 records, capturing data on solar radiation, energy pro-
duction and consumption, temperature, module temperature, humidity, and wind
speed at b-minute intervals from 2018 to 2020. For our prediction models, we
allocate 70% of the data for training and 30% for testing.

Data preprocessing is critical and involves cleaning the dataset by handling
missing values, correcting noise, identifying outliers, and resolving inconsisten-
cies. These steps ensure the dataset is well-prepared for subsequent data mining
techniques.

Development of the prediction models. The deep learning forecasting
models are developed including CNN and LSTM networks, moreover, two exper-
imental models are performed to evaluate the performance of the deep learning
models including SVR model and ANN model. The assessment of each data-driven
model involved comparing its consistency with the experimental data across both
training and test datasets. The proposed models are then compared based on var-
ious predictive performance criteria, (shown in Table 1), including mean absolute
error (M AEFE), mean squared error (MSE), root mean squared error (RMSE),
coefficient of determination (R?) score, and accuracy (ACC).

Table 1

Performance evaluation metrics

Model Equation
Root Mean Square Error RMSE = 1 Z (yi — ?)i)Q
n =1
1 n
Mean Absolute Error MAE = = Z lys — g),-|2
L
1« 2
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SStot
TP+TN
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The ACC metric measures forecasting model accuracy by dividing the num-
ber of successful positive and negative forecasts by the total number of predic-
tions (including erroneous ones). The following acronyms reflect the events that
occurred throughout the forecasting process and are utilized to compute the ACC
(Table 1):
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TP = True Positive (true positive forecast, the flare will occur)

TN = True Negative (negative event forecast, there will be no flare)

F P = False Positive (positive forecast error)

FN = False Negative (negative event forecast error)

The prediction model process is demonstrated in Fig. 1. The process of
solar radiation forecasting is divided into three main stages: Data Input, Data
Preprocessing, and Forecasting. The parameter settings for all prediction models
are as follows: for the LSTM model, 200 units and 32 neurons are used. The CNN
model utilizes filters of 32 with a stride of 2, and filters of 64 with a stride of 2. It
also employs max pooling with a value of 2, 100 units, and 32 neurons. The SVR
model is configured with a C value of 1.0, an RBF kernel, and a tolerance of 1073.
The ANN model uses neurons set at 200, 100, and 50, with F values of 3, 6, and
12. In total, there are 500 training and validation epochs in the LSTM and CNN
models. The adaptive moment estimation algorithm (ADAM) is used to optimize
the models, with a batch size of 128 and a mean-squared loss function.
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Fig. 1. Solar radiation prediction model process architecture

Experimental results. Powerful computers are essential for processing the
vast amount of PV data and for enabling deep learning methods to handle large
datasets efficiently. The attributes of big data, such as numerous examples, diverse
class types, and high dimensionality, contribute to longer processing times and
increased model complexity. Due to the sheer volume of data, it is generally
impractical to train deep learning algorithms using a central processor and storage,
making distributed computing frameworks with parallel programming capabilities
necessary.

Recent developments have aimed to overcome the challenges posed by high
data volumes. Innovative models now utilize clusters of CPUs or GPUs to ac-
celerate training speeds while maintaining accuracy. For this study, experimental
results were generated using the hardware and software resources of the High-
Performance Computing Center (Harran HPC) at GAPYENEV. The implemen-
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tation code for the deep learning models was written in Python 3.9, using the
TensorFlow 2.3.0 framework and the Keras 2.4.3 library, while the Scikit-learn
library was employed for implementing machine learning models.

The proposed models, comprising deep learning models including CNN,
LSTM, and machine learning models including SVR and ANN were assessed for
their forecasting performance by comparing them with experimental data on both
training and test sets. The forecasting results of these proposed models are pre-
sented in Table 2. The CNN model performed the best predictive ability, with a
MSE of 0.0039, a MAE of 0.0205, a RMSE of 0.0039, a R? score of 0.986, and
an ACC of 85.035% for the testing dataset.

Table 2

Performance comparison of the forecasting models

No | Model | MSE MAE | RMSE R? ACC (%)
1 | LSTM | 0.003992 | 0.018272 | 0.003992 | 0.986271 | 84.162
2 | CNN | 0.003954 | 0.020554 | 0.003954 | 0.986401 | 85.035
3 | SVR | 0.009635 | 0.079486 | 0.009635 | 0.966864 | 82.894
4 | ANN | 0.004872 | 0.028651 | 0.004872 | 0.983243 | 83.516

Figure 2 shows the regression graph of the CNN model showing the best pre-
diction performance. As seen in the graph, the relationship between prediction
data of the CNN model and the expected (test) data provide important informa-
tion about the model success.

- expected =

dict
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n

Fig. 2. Regression chart of the CNN forecasting model

Conclusions. The integration of deep learning models and advanced predic-
tion techniques significantly enhances the accuracy and efficiency of solar radia-
tion forecasting for PV power systems, ultimately contributing to improved energy
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management and sustainability. This study highlights the importance of big data
analysis and high-performance computing environments for solar radiation fore-
casting, utilizing distributed computing frameworks with parallel programming
capabilities. The CNN model, which outperforms other deep learning and ma-
chine learning forecasting models like LSTM, SVR, and ANN, is used to improve
the precision and efficacy of solar energy forecasting, thereby enhancing renewable
resource competitiveness. Given the vast amount of solar radiation data from so-
lar power plants, training deep learning algorithms with a central processor and
storage is often impractical. Therefore, it is necessary to employ distributed com-
puting frameworks with parallel programming capabilities.
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