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Abstract

Solar energy is considered one of the most important renewable energy
sources and is recognized as the fastest-growing energy source worldwide.
The power generated in solar energy facilities primarily depends on the
amount of radiation reaching the surface of photovoltaic (PV) panels. Prior
knowledge of solar radiation is crucial for reliable planning and efficient
design of solar energy systems. Therefore, solar radiation forecasting is
a highly significant topic. Various techniques can be employed for solar
radiation prediction, including fundamental physical and statistical methods,
as well as ensemble methods obtained by combining different approaches.
However, the remarkable success of artificial neural networks, a form of
artificial intelligence application that enhances learning algorithms, in
various applications has attracted researchers to this field. The promising
potential of this field is evident in the richness of proposed methods and
the increasing number of publications. The main objective of this study is to
review artificial intelligence-based techniques found in the literature for solar
radiation prediction and to identify research gaps by examining radiation
predictions using machine learning-based methods and hybrid models created
by their combination with other techniques, which have gained popularity
recently. Additionally, the aim is to provide an analysis that guides future
improvements and understanding of recent advancements in this field. To
facilitate and enhance research in this area, a comprehensive review of various
artificial intelligence-based prediction methods employed in solar radiation
prediction studies, particularly focusing on the most commonly used artificial
intelligence-based approach published recently, is presented. Furthermore,
information on the required data parameters in solar radiation prediction
studies is provided. All research details, fundamental features, and specifics
are summarized in tabular and shape formats for a comprehensive overview.
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1. Introduction

One of the major challenges for global energy supply in the near future is
the large integration of renewable energy sources, particularly unpredictable
ones such as wind and solar, into the existing or future energy infrastructure.
The variability of renewable energy sources poses even greater challenges.
Therefore, it is crucial to effectively predict these sources, especially in order
to harness a high proportion of renewable energy.

Solar energy is the most abundant and easily accessible energy source
among renewable energy sources. However, due to its dependence on
weather conditions, solar energy, being a variable energy source, is not reliable
without accurate production forecasting. Each year, the latest techniques
and approaches emerge worldwide to improve the accuracy of models and
reduce uncertainty in predictions. In particular, solar irradiance prediction
is a significant component in solar energy production. Providing forecasts
to PV plant managers and grid operators assists in better planning of solar
energy storage and utilization of other energy sources. This facilitates the
integration and optimization of PV systems with the grid. Additionally, the
ability to forecast solar irradiance is valuable for the planning and distribution
of electricity generated by difterent units [1]-[4].

Solar irradiance prediction studies require data from the region for
which the forecast is to be made. These data can be obtained through
on-site measurements, meteorological stations, or remote sensing via
meteorological satellites. The most commonly used data sources are ground
measurements, satellite data, and sky imagery. Ground measurement data,
typically obtained from meteorological stations, include solar characteristics
as well as meteorological and physical parameters. The most widely
used measurement devices are pyranometers and pyrheliometers, which
measure global horizontal irradiance (GHI) and direct normal irradiance
(DNI), respectively. While ground measurements provide accurate and
high temporal resolution data, the cost of establishing and maintaining a
meteorological network limits its installation in every region. Moreover,
the need for continuous operation of measurement devices may lead to
calibration issues and maintenance requirements, causing interruptions in
data collection [5,6]. Figure 1 illustrates the dataset parameters used in solar
irradiance prediction studies.
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Figure 1. Dataset pavameters used in solar irvadiance prediction [7]

Prediction studies in the field of renewable energy are crucial for both
accurately determining the areas for investment and addressing problems that
arise during the operational phase based on preliminary forecasts. Artificial
intelligence methods, which exhibit superior characteristics compared
to traditional prediction methods and are now being utilized in various
fields, are among the most important approaches in prediction studies.
Performance analyses indicate that these methods outperform conventional
methods. Furthermore, in recent years, researchers have developed ensemble
methods to uncover the unique features of individual models and enhance
the performance of prediction methods. These combinations provide more
accurate results compared to individual models [8].

The selection of the prediction method primarily depends on the forecast
horizon. However, not all models used have the same accuracy in terms of
input parameters and forecast horizon. Predictions are generally classified
into long-term (one year to ten years), medium-term (one month to one
year), short-term (one day or one week), and very short-term (seconds to
minutes). For the development and planning phase of a solar power plant,
long-term forecasts are required, while medium-term, short-term, and very
short-term predictions are needed for its operation [9]-[11]. Many studies
in this field have developed different methodologies for solar irradiance
prediction proposed in the last decade. The prediction methods based on
forecast horizons and time scales are shown in Figure 2.
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Figure 2. Prediction methods based on forecast hovizons and time scales [10,11]
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Solar irradiance prediction performance and accuracy are important
considerations for all researchers. Therefore, it is necessary to interpret the
resulting outcomes. Prediction performance is influenced by various factors
such as forecast horizon, weather events, and variability in solar energy. The
methods used for solar irradiance prediction can be categorized as shown in
Figure 3. Essentially, these methods are commonly classified into physical
methods, statistical methods, and ensemble methods, which are the most
widely used approaches in this field.

Figure 3. Solar wradiance prediction methods [12,13]
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2. Solar Irradiance Prediction Methods

2.1. Physical Methods

Physical methods are primarily based on mathematical equations and aim
to determine the physical state of solar irradiance and other meteorological
conditions [14]. Since the solutions are obtained using numerical methods,
they involve numerical weather prediction (NWP), sky imagery, and satellite
data. Satellite imagery data is often used for solar irradiance or cloud index
predictions and relies on numerical calculations using meteorological data
such as atmospheric conditions and ground-based observations to estimate
solar irradiance. Cloud movement can be detected using meteorological
satellite imagery. As solar irradiance is significantly influenced by cloud
structures, determining cloud movement leads to the prediction of cloud
positions, which are subsequently used for solar irradiance prediction [15].
Therefore, by applying image processing technologies, solar irradiance at the
ground level can be forecasted.

2.1.1. Numerical Weather Prediction (NWP)

NWP systems have long been the foundation of forecasting applications
and are powerful tools for predicting solar irradiance. They forecast the
likelihood of local cloud formation and indirectly perform predictions by
utilizing a dynamic atmospheric model [16]. These models are designed
to pre-determine variables such as temperature, humidity, precipitation
probability, and wind, and have recently been optimized for predicting
surface solar irradiance. NWP models are also used in weather and aviation
forecasting. However, they are now preferred models in renewable energy
prediction. Satellite information is frequently utilized in NWP models, and
predictions can be made up to two days in advance or six days into the future
[17,18].

2.1.2. Prediction Model Using Sky Imagers

Sky imagery can provide detailed information about clouds, which is
crucial for accurately estimating surface irradiance. Clouds are the most
significant factor affecting surface irradiance, making accurate recognition of
cloud pixels a prerequisite for surface irradiance calculation. Sky imagers are
automatic, full-color imaging systems that use hemispherical lenses to capture
and process real-time images of the entire sky from the ground [19]. By
processing the images obtained through sky imagers, cloud motion vectors
can be derived. These methods can provide solar irradiance predictions with
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very high spatial resolution (at the meter scale) and temporal resolution (at
the minute scale) [20]. For time horizons of less than an hour, techniques
based on sky imagery offer excellent prediction capabilities [21]. However,
the processes involved in deriving the predictions introduce various
uncertainties, leading to relatively low reliability [22]. Accurately calculating
solar irradiance using sky imagery can effectively enhance the performance
and accuracy of sky image-based FV power prediction models [23].

Recent studies have shown an increase in research efforts towards solar
irradiance prediction. In one such study, Ref. [6], a cloud detection method
was proposed using multi-level local image patches with different dimensions
that incorporate local structures and high-resolution information. The
proposed system predicts solar irradiance by utilizing information from
all-sky images to complement the limited temporal and spatial resolution
of satellite imagery and improve prediction accuracy. Sky images can be
obtained using a Total Sky Imager (TSI). In Ref. [24], the authors used this
method to track and predict clouds in sky images and estimate irradiance.
An optimization model was proposed to determine the cloud motion
process. Similarly, in Ref. [25], a solar prediction system was suggested that
can detect cloud movements from TSI images and subsequently forecast the
future cloud positions on solar panels and the resulting fluctuations in solar
irradiance for short-term prediction. Ref. [26] developed a framework for
predicting Direct Normal Irradiance (DNI) for a 10-minute time horizon,
considering atmospheric variables, including relative humidity, wind speed
and direction, DNI, and clouds, directly from historical measurements
provided through 24-bit color sky images taken every 30 seconds. In Ref.
[27], a new model was created for solar irradiance prediction by matching
a total of 7000 images captured with a sky camera at a size of 512*512
pixels with measured Global Horizontal Irradiance (GHI) data from a
pyranometer. Ref. [28] introduced a deep Convolutional Neural Network
(CNN) model called SolarNet, which was developed to predict operational
1-hour ahead GHI using only sky images without numerical measurements
or additional feature engineering. Table 1 provides a detailed overview of
application studies using sky imagers for solar irradiance prediction.
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Table 1. Methods used for solar irradiance prediction with sky imagers

Method Prediction Time Prediction Method

ANN One hour BP, CNN, LSTM, CNN+LSTM,
SVR

ANN Ten minutes AR, MLP, SVR, CNN

Deep Learning | Ten minutes CNN, LSTM

Deep Learning | Up to four hours KNN, RF

ANN Ultra short BPN

Deep Learning | 5-20 minutes CNN

2.1.3. The Prediction Model Using Satellite Images

Ground-based measurements are limited in terms of geographical
coverage, and measurements in these areas may require statistical
interpolation, which can lead to large errors for increasing geographical
distances [29]. Alternatively; satellite images capture a top-down perspective
of the atmosphere and local environment, enabling the monitoring of
climate change and solar radiation. Therefore, satellite-based methods have
demonstrated the ability to produce more accurate solar radiation predictions
compared to traditional interpolation methods [30,31]. Meteorological
satellites provide continuous image data of environmental information,
such as temperature, wind direction and speed, cloud cover, and radiation,
covering a wide range of temporal and spatial scales. Solar radiation models
convert satellite images captured by geostationary meteorological satellites
into surface radiation by employing methods that combine radiative transfer
theory and observations. However, satellite predictions are limited by the
spatial resolution of the available databases. Therefore, the spatial resolution
of existing fixed meteorological satellites may not be sufficient to conduct a
detailed study of solar radiation behavior at a specific geographic location

[20,32].

Satellite images have been widely used in recent years to study the at-
mosphere. Clouds, which significantly attenuate solar radiation, have been
investigated by many researchers [33,34]. Since cloud cover is a major factor
affecting solar radiation, cloud detection and classification are crucial for
predicting solar radiation [35]. Satellite-based solar radiation prediction is
useful for short-term intra-day time horizons and outperforms numerical
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weather predictions with a spatial resolution of 1-5 km and a temporal reso-
lution of up to 4-5 hours [36,37]. The main techniques for satellite predicti-
on are based on advanced cloud motion predictions derived from geospatial
satellite images [20]. Satellite images provide information about current and
tuture cloud cover and have the potential to be useful in understanding solar
radiation [38]. Sequential satellite images are combined to generate cloud
motion vector fields that can be used to predict future cloud positions. It
has been shown that this technique is effective in predicting solar radiation
intensity from one minute up to six hours ahead.

Satellite images contain all the meteorological parameters at the measure-
ment point simultaneously, depending on the atmospheric conditions. The-
refore, the development of solar radiation prediction models using sky ima-
gers and satellite image-based data has become increasingly important. Solar
radiation prediction based on satellite data relies on advanced cloud motion
predictions derived from geospatial satellite images. Cloud cover-based mo-
dels can achieve high accuracy in solar radiation prediction since cloud index
and sunshine duration are closely related to solar radiation [32]. Table 2
illustrates the satellites and prediction methods used in solar radiation predi-
ction using satellite images.

Table 2. Satellites and prediction methods used in solay vadiation prediction with
satellite imayges

Satellite Name Country Prediction Models
Spinning Enhanced Visible EU Coun-
and Infrared Imager (Se- .

.. tries
viri)
Geostationary Operational Cloud motion vector (CMV)
Environmental Satellites | USA Cloud index methodology
(GOES) (CSD-SI)

— CLAVR-x

Communication, Ocean, Heliosat
and Meteorological Satel- |Korea ANN, CNN, SVM, CNN-
lite (COMYS) LSTM
Fengyun China
Himawari Japan

Cloud Motion Vector (CMV), Cloud Index Methodology (CSD-SI),
and CLAVR-x models calculate the speed and direction values determined
based on cloud movements observed from satellite images. These values
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can be used to determine the solar radiation reaching the Earth’s surface.
Heliosat, on the other hand, is a method that converts observations made by
stationary meteorological satellites into global irradiance predictions at the
surface level. Hourly and daily irradiance data obtained from satellites are
compared with measurements taken at ground-level meteorological stations
using pyranometers. The other prediction methods mentioned in Table 2 are
explained below under their respective headings.

2.2. Statistical Methods

These methods are artificial intelligence methods, namely machine
learning algorithms. They utilize historical data to build a predictive model.
Generally, they match input data to output data using statistical techniques
to generate predictions. They rely on establishing relationships between past
observations and future values [39]. To employ these prediction methods,
historical records of solar radiation in the measurement area are utilized,
while real-time measurements determine the current conditions on which
the predictions are based. They cover a range of applications from short-
term to long-term with shorter time steps [40,41]. The prediction methods
within this approach yield the best results for intra-hour time horizons but
can have values of two to three hours or more when used in conjunction
with other methods. They are limited to solving more complex prediction
problems when longer forecast horizons are considered [42]. Statistical
learning methods are often used to correct errors in NWP model outputs
and to blend outputs from multiple models in a process called model output
statistics. Current approaches for solar energy prediction focus on a range
of supervised and unsupervised learning techniques such as Support Vector
Machines (SVM), decision trees, k-nearest neighbors, or Gaussian processes
[43]. Methods such as Artificial Neural Networks (ANN) and SVM, which
are statistical methods, provide more reliable solutions for predicting global
and horizontal solar radiation and power generation [44]. These methods
have been previously used for solar radiation prediction and achieved
satisfactory performance. Their usage has been validated through studies
conducted for different locations and types of solar radiation, solar energy,
and wind speed, proving these machine learning methods to be reliable
and versatile [45]-[47]. Statistical methods are widely used for prediction
in renewable energy systems, encompassing various approaches ranging
from classical regression methods to deep learning methods [48]. Table 3
provides commonly used statistical methods for prediction in renewable
energy systems.
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Table 3. Some statistical methods used for solar radiation prediction

S/N |Statistical Methods Abbreviation

1 AutoRegressive Process ARp

2 Moving Average Process MAp

3 AutoRegressive Moving Average ARMA

4 AutoRegressive Integrated Moving Average ARIMA
Process

5 Fuzzy Logic FUZZY

6 Artificial Neural Networks ANN

7 Support Vector Machine SVM

8 Deep Learning DL

2.2.1. Artificial Neural Networks (ANN)

ANN is an effective and flexible technique widely used in various fields
and considered one of the most popular and commonly used networks in
the literature [49]. It evaluates the data based on the relationships within the
network structure and ensures the inclusion of all factors in the processing.
Therefore, the outputs are obtained by considering the weighted evaluation
of all factors, rather than using specific formulas. When historical data con-
taining both input and output variables are provided, ANNs can be trained
using supervised learning to predict future radiation. The variables used can
vary and include on-site radiation measurements, meteorological data, radi-
ation predictions provided by other models, or features obtained from sky
or satellite images [50].

ANNSs learn patterns from historical data that enable complex mapping
between input and output. The training or learning process involves opti-
mizing the model parameters to improve predictions on a training set con-
sisting of input-output pairs [51]. An ANN structure generally consists of
input, hidden, and output layers. Additionally, within this structure, there
are connection weights, activation functions, and a summation node that
combines them. The elements in the input layer, where the inputs are inc-
luded, can be multiple, and in programs like Matlab, Python, etc., they can
only be processed numerically [52]. Relationships are established within the
network through the connections using the numerical data taken as input va-
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lues. Between the two groups of layers, results are generated as many as the
number of neurons in each layer. The obtained results can be transferred to
the output layer or new layers can be created between the output and com-
puted values to form new connections. This modeling logic can be shaped
according to the needs of the study. In the human brain, this process occurs
as the destruction of unnecessary connections in cells. In situations where
these connections are needed again, they can be reestablished. The brain
prevents the storage of unnecessary information in this way, thus saving
energy. The smallest unit known as a perceptron in an ANN is expressed by
a function as shown in Equation (1) and modeled as shown in Figure 4 [53].

y=W*x+b (1)

Figure 4. Mathematical model of a neuron.
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Here, x represents the input values in the input layer, w denotes the
weights associated with the processing neuron, & represents the bias value
associated with the neuron, and y represents the output in the output layer.

Solar radiation has been analyzed over long periods of time, and it has
been predicted using ANNs in different locations [54]. ANNs are more
successful than other experimental regression models in predicting solar
radiation, and they can be used for both modeling and forecasting solar
radiation data [55]. This helps in managing the power generated from a PV
system. The performance of ANNs depends on how well they are trained
and the quality of the data used. For example, more accurate predictions
are generated during clear sky hours compared to cloudy hours. The more
accurate the weather forecast parameters used, the more accurate the solar
energy predictions can be made.
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2.2.2. Support Vector Machines (SVM)

Support Vector Machines (SVM) is a kernel-based machine learning
technique that was introduced by Vapnik in 1995, although its foundations
date back to the 1960s. It is used for classification tasks and regression
problems, and it is a supervised learning algorithm that analyzes training
data to generate an inferential function [56,57]. SVM is designed not only
to minimize errors but also to maximize the margin of separation between
different classes. In terms of prediction, SVM yields similar results to
Artificial Neural Networks (ANN), but SVM is considered to be easier to
use compared to ANN. It is widely used in energy prediction tasks and
exhibits excellent generalization capabilities with high prediction accuracy

[58].

2.2.3. Deep Learning (DL)

Deep Learning is a machine learning method that utilizes multi-layered
deep artificial neural network architectures. Although the initial works date
back to the 1940s, the first scientific research incorporating the concept of
DL was conducted by Ivakhnenko and Lapa in 1965. While the concept of
DL emerged in the 1960s, its prominence has gained momentum in recent
times. This is primarily due to the lack of computational power to train
deep architectures and the scarcity of sufticient amounts of data during that
time. Nowadays, the increase in computational power and the generation of
massive amounts of data through digitization have provided the necessary
infrastructure for DL. These advancements have facilitated the widespread
utilization of DL in various domains such as computer vision, natural
language processing, translation, and time series forecasting [59]. Figure
5 depicts the ANN and DL models commonly used in the literature in the
tield of renewable energy.

Figure 5. ANN and DL models used in the field of venewable energy
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The deep architecture of DL provides support for modeling nonlinear
complexities in data, enabling more accurate learning of patterns [60]. As
a subfield of machine learning, DL has gained popularity in recent years
due to its applicability in various domains [51]. In the field of renewable
energy research, DL models, particularly CNN, have been proven to be
reliable tools for solar irradiance prediction, wind speed prediction, and
PV power output prediction [61,62]. Especially due to its intermittent
nature and dependence on various factors such as wind speed, temperature,
pressure, and relative humidity, solar data exhibits high-level and nonlinear
complex characteristics. These characteristics of solar data are captured by
DL models through the extraction of spatial and temporal information.
Ongoing research indicates that DL models may outperform ML models
in time series, classification, and regression-based prediction problems [63].

When selecting a prediction algorithm, there is a set of criteria that needs
to be considered, such as the number of layers, types of layers, activation
functions, and so on. These criteria are determined by assessing the
performance obtained with certain error metrics when considering different
model alternatives. In the field of renewable energy research, DL models,
especially CNNs, have been proven to be reliable tools for solar irradiance
and PV power output prediction [64]-[66].

2.2.4. Time Series Technique

Time series, which Yule made significant contributions to in 1927, re-
fers to sequentially measured data at specific intervals according to any ope-
ration. It represents a chronological sequence of observations related to a
specific variable. Time series forecasting can be defined as predicting the
future based on past time series data. To determine the prediction model,
the fundamental components of a time series, such as trend, cycle, seasonal
variations, and irregular fluctuations, need to be identified. Time series data
is used to build models using different methods. The process of formulating
data appropriately to create a model is called time series analysis. Prediction
is carried out through these models, which are primarily based on probabi-
lity estimates that may not always provide a good generalization for unseen
data. Autoregressive Model (AR), Moving Average Model (MA), Seasonal
Autoregressive (SAR), Naive Method, Autoregressive Moving Average Mo-
del (ARMA), and Autoregressive Integrated Moving Average Model (ARI-
MA) are approaches based on time series techniques [67,68]. These models
show low prediction results when there is weak correlation between meteo-
rological parameters and radiation, and when there are missing or incomp-
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lete datasets. Due to the non-stationary behavior of solar radiation data over
time, these models cannot accurately capture the non-linearity in the data
and therefore exhibit low prediction performance [69,70]. Approaches and
teatures based on time series techniques are illustrated in Figure 6.

Figure 6. Time sevies techniques and features
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2.3. Community (Hybrid) Methods

Hybrid methods are referred to as techniques that combine different
methods to leverage their strong points and overcome the weaknesses of each
method. In the literature, several community methods have been proposed by
combining physical and mathematical methods with optimization algorithms
or machine learning algorithms. This method is essentially a combination
of statistical methods or physical methods. In terms of prediction accuracy,
it outperforms individual methods. However, it has high computational
complexity and therefore takes a long time to reach a result. Additionally,
their performance is highly dependent on carefully selected historical inputs
[71].

A community consists of a collection of predictions and is an important
method to cope with uncertainties, especially in solar energy forecasting. It
can identify both linear and nonlinear components in solar time series and
overcome any shortcomings of individual models. One of the advantages of
the hybrid system is a faster convergence rate [13]. Hybrid models can be
modified by adding a deep learning layer, such as Long Short-Term Memory
(LSTM), which is a type of recurrent memory, to improve the accuracy



Ersan Omer Yiizer - Altusj Bozkurt | 229

of deep learning algorithms. This approach has been shown to enhance
the results of solar radiation prediction and photovoltaic power output
prediction [72,73]. In general, the CNN+LSTM hybrid model, which
combines the CNN structure with the LSTM algorithm, is widely used in
solar radiation prediction studies. In this model, the CNN layers are used to
extract features of the changes in the input layer related to solar radiation.
The LSTM layer, on the other hand, stores the information transferred from
the CNN layer in a control unit and provides a new state unit. Figure 7
illustrates the topological structure of the CNN+LSTM hybrid model used
in solar radiation prediction studies.

Figure 7. Lllustrates the topological structuve of the hybyid CNN+LSTM model
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Conclusion

Predicting solar radiation is a challenging task as it varies based on the
geographical location and meteorological conditions of the specific area under
consideration. Therefore, effective modeling of solar radiation prediction
methods has garnered significant interest in controlling and operating solar
energy generation. This allows for the identification of the most suitable
regions for the installation of PV plants, reducing plant costs, maximizing
energy production, and ensuring the secure and stable integration of these
plants into the grid.

The accuracy of solar radiation prediction models is often influenced by
the prediction horizon and climate conditions. While some models perform
well under clear sky conditions, their accuracy significantly decreases in
fast-changing and variable weather conditions. Additionally, due to the
highly complex nature of the solar radiation phenomenon and its crucial
importance for solar power plants, simplistic approaches to modeling
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solar radiation prediction may not yield satisfactory results. Therefore, to
improve prediction models and achieve higher accuracy, it is essential to
incorporate meteorological data obtained through measurements in specific
areas where solar radiation needs to be predicted, capturing the entirety
of atmospheric dynamics. By considering these data and accounting for
variations in meteorological conditions, more accurate predictions can be
made. Furthermore, prediction models constructed using such data will
help account for more complex structures and rapid changes in weather
conditions, leading to higher accuracy. As a result, the management and
planning of solar energy resources, such as solar power plants, can be made
more efficient.



Ersan Omer Yiizer - Altugj Bozkurt | 231

References

(1]

(2]

[3]

[4]

(5]

[6]

(7]

(8]

[9]

[10]

[11]

Senapati, Rajendra Narayan; SAHOO, Nirod Chandra; MISHRA,
Sukumar. Convolution integral based multivariable grey prediction model
for solar energy generation forecasting. In: 2016 IEEE International
Conference on Power and Energy (PECon). IEEE, 2016. p. 663-667.
Del Campo—AVila, J., Takilalte, A., Bifet, A., & Mora-Lopez, L. (2021).
Binding data mining and expert knowledge for one-day-ahead prediction
of hourly global solar radiation. Expert Systems with Applications, 167,
114147.

Ayala-Gilardoén, A., Sidrach-de-Cardona, M., & Mora-Lopez, L. (2018).
Influence of time resolution in the estimation of self-consumption and
self-sufficiency of photovoltaic facilities. Applied Energy, 229, 990-997.

Cheng, HsuYung; YU, Chih-Chang. Solar irradiance now-casting with
ramp-down event prediction via enhanced cloud detection and tracking.
In: 2016 IEEE International Conference on Multimedia and Expo
(ICME). IEEE, 2016. p. 1-6.

Voyant, C., Motte, E, Notton, G., Fouilloy, A., Nivet, M. L., & Duchaud,
J. L. (2018). Prediction intervals for global solar irradiation forecasting
using regression trees methods. Renewable energy, 126, 332-340.

Vignola, E, Derocher, Z., Peterson, J., Vuilleumier, L., Félix, C., Grobner,
J., & Kouremeti, N. (2016). Effects of changing spectral radiation
distribution on the performance of photodiode pyranometers. Solar
energy, 129, 224-235.

El-Amarty, N., Marzouq, M., El Fadili, H., Bennani, S. D., & Ruano,
A. (2022). A comprehensive review of solar irradiation estimation and
forecasting using artificial neural networks: data, models and trends.
Environmental Science and Pollution Research, 1-33.

Sobri, S., Koohi-Kamali, S., & Rahim, N. A. (2018). Solar photovoltaic
generation forecasting methods: A review. Energy Conversion and
Management, 156, 459-497.

Raza, M. Q., Nadarajah, M., & Ekanayake, C. (2016). On recent advances
in PV output power forecast. Solar Energy, 136, 125-144.

Kumari, P, & Toshniwal, D. (2021). Deep learning models for solar
irradiance forecasting: A comprehensive review. Journal of Cleaner
Production, 318, 128566.

Das, S. (2021). Short term forecasting of solar radiation and power

output of 89.6 kWp solar PV power plant. Materials Today: Proceedings,
39, 1959-1969.



[17]

[18]

Solar Irvadiance Prediction and Methods Used in Prediction Studies

Das, Utpal Kumar, et al. “Forecasting of photovoltaic power generation
and model optimization: A review.” Renewable and Sustainable Energy
Reviews 81 (2018): 912-928.

Bhatt, A., Ongsakul, W, & Singh, J. G. (2022). Sliding window
approach with first-order differencing for very short-term solar irradiance

forecasting using deep learning models. Sustainable Energy Technologies
and Assessments, 50, 101864.

Ramadhan, R. A., Heatubun, Y. R., Tan, S. E, & Lee, H. J. (2021).
Comparison of physical and machine learning models for estimating solar
irradiance and photovoltaic power. Renewable Energy, 178, 1006-1019.

Kamadinata, J. O., Ken, T. L., & Suwa, T. (2019). Sky image-based solar
irradiance prediction methodologies using artificial neural networks.
Renewable Energy, 134, 837-845.

Perez, R., Lorenz, E.; Pelland, S., Beauharnois, M., Van Knowe, G.,
Hembker Jr, K., ... & Pomares, L. M. (2013). Comparison of numerical
weather prediction solar irradiance forecasts in the US, Canada and
Europe. Solar Energy, 94, 305-326.

Marquez, R., & Coimbra, C. E (2013). Proposed metric for evaluation
of solar forecasting models. Journal of solar energy engineering, 135(1).

Lara-Fanego, V., Ruiz-Arias, J. A., Pozo-Vazquez, D., Santos-Alamillos,
E J., & Tovar-Pescador, J. (2012). Evaluation of the WRF model solar
irradiance forecasts in Andalusia (southern Spain). Solar Energy, 86(8),
2200-2217.

Wang, E, Ge, X., Zhen, Z., Ren, H., Gao, Y., Ma, D, ... & Cataldo, J.
P (2018, September). Neural network based irradiance mapping model

of solar PV power forecasting using sky image. In 2018 IEEE Industry
Applications Society Annual Meeting (IAS) (pp. 1-7). IEEE.

Narvaez, G., Giraldo, L. E, Bressan, M., & Pantoja, A. (2021). Machine
learning for site-adaptation and solar radiation forecasting. Renewable
Energy, 167, 333-342.

Caldas, M., & Alonso-Sudrez, R. (2019). Very short-term solar irradiance
forecast using all-sky imaging and real-time irradiance measurements.
Renewable energy, 143, 1643-1658.

Dambreville, R., Blanc, P, Chanussot, J., & Boldo, D. (2014). Very
short term forecasting of the global horizontal irradiance using a spatio-
temporal autoregressive model. Renewable Energy, 72, 291-300.

Tzoumanikas, P, Nikitidou, E., Bais, A. E, & Kazantzidis, A. (2016).
The effect of clouds on surface solar irradiance, based on data from an
all-sky imaging system. Renewable Energy, 95, 314-322.



[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

Ersan Omer Yiizer - Altugj Bozhkurt | 233

Zhen, Z., Wang, E, Mi, Z., Sun, Y., & Sun, H. (2015, September). Cloud
tracking and forecasting method based on optimization model for PV
power forecasting. In 2015 Australasian Universities Power Engineering
Conference (AUPEC) (pp. 1-4). IEEE.

Huang, H., Xu, J., Peng, Z., Yoo, S., Yu, D., Huang, D., & Qin,
H. (2013, October). Cloud motion estimation for short term solar

irradiation prediction. In 2013 IEEE International Conference on Smart
Grid Communications (SmartGridComm) (pp. 696-701). IEEE.

Zhu, T., Zhou, H., Wei, H., Zhao, X., Zhang, K., & Zhang, J. (2019).
Inter-hour direct normal irradiance forecast with multiple data types and

time-series. Journal of Modern Power Systems and Clean Energy, 7(5),
1319-1327.

Aakroum, M., Ahogho, A., Aaqir, A., & Ahajam, A. A. (2017,
December). Deep learning for inferring the surface solar irradiance from

sky imagery. In 2017 International Renewable and Sustainable Energy
Conference (IRSEC) (pp. 1-4). IEEE.

Feng, C., & Zhang, J. (2020). SolarNet: A sky image-based deep
convolutional neural network for intra-hour solar forecasting. Solar
Energy, 204, 71-78.

Jiang, H., Lu, N., Qin, J., Tang, W., & Yao, L. (2019). A deep learning
algorithm to estimate hourly global solar radiation from geostationary
satellite data. Renewable and Sustainable Energy Reviews, 114, 109327.

Bilionis, I., Constantinescu, E. M., & Anitescu, M. (2014). Data-driven
model for solar irradiation based on satellite observations. Solar energy,
110, 22-38.

Linares-Rodriguez, A., Ruiz-Arias, J. A., Pozo-Vazquez, D., & Tovar-
Pescador, J. (2013). An artificial neural network ensemble model for

estimating global solar radiation from Meteosat satellite images. Energy,
61, 636-645.

Aguiar, L. M., Polo, J., Vindel, J]. M., & Oliver, A. (2019). Analysis of
satellite derived solar irradiance in islands with site adaptation techniques
for improving the uncertainty. Renewable Energy, 135, 98-107.

Janjai, S., Pankaew, P, & Laksanaboonsong, J. (2009). A model for
calculating hourly global solar radiation from satellite data in the tropics.
Applied energy, 86(9), 1450-1457.

Dazhi, Y., Walsh, W. M., Zibo, D., Jirutitijaroen, P, & Reindl, T. G.
(2013). Block matching algorithms: Their applications and limitations in
solar irradiance forecasting. Energy Procedia, 33, 335-342.

Dong, Z., Yang, D., Reindl, T., & Walsh, W. M. (2014). Satellite image
analysis and a hybrid ESSS/ANN model to forecast solar irradiance in the
tropics. Energy Conversion and Management, 79, 66-73.



[40]

Solar Irvadiance Prediction and Methods Used in Prediction Studies

Aicardi, D., Musé, P, & Alonso-Sudrez, R. (2022). A comparison of
satellite cloud motion vectors techniques to forecast intra-day hourly
solar global horizontal irradiation. Solar Energy, 233, 46-60.

Miller, S. D., Rogers, M. A., Haynes, J. M., Sengupta, M., & Heidinger,
A. K. (2018). Short-term solar irradiance forecasting via satellite/model
coupling. Solar Energy, 168, 102-117.

Ayet, A., & Tandeo, P. (2018). Nowecasting solar irradiance using an
analog method and geostationary satellite images. Solar Energy, 164,
301-315.

Alzahrani, A., Shamsi, P, Ferdowsi, M., & Dagli, C. (2017, November).
Solar irradiance forecasting using deep recurrent neural networks. In
2017 IEEE 6th international conference on renewable energy research
and applications (ICRERA) (pp. 988-994). IEEE.

Xie, T, Zhang, G., Liu, H., Liu, E, & Du, P. (2018). A hybrid forecasting
method for solar output power based on variational mode decomposition,
deep belief networks and auto-regressive moving average. Applied
Sciences, 8(10), 1901.

Wang, K., Li, K., Zhou, L., Hu, Y., Cheng, Z., Liu, J., & Chen, C.
(2019). Multiple convolutional neural networks for multivariate time
series prediction. Neurocomputing, 360, 107-119.

Diagne, M., David, M., Lauret, P, Boland, J., & Schmutz, N. (2013).
Review of solar irradiance forecasting methods and a proposition for
small-scale insular grids. Renewable and Sustainable Energy Reviews, 27,
65-76.

Voyant, C., Notton, G., Kalogirou, S., Nivet, M. L., Paoli, C., Motte,
E, & Fouilloy, A. (2017). Machine learning methods for solar radiation
forecasting: A review. Renewable Energy, 105, 569-582.

Jurj, D. I, Micu, D. D., & Muresan, A. (2018, October). Overview of
electrical energy forecasting methods and models in renewable energy. In
2018 International Conference and Exposition on Electrical And Power
Engineering (EPE) (pp. 0087-0090). IEEE.

Jebli, 1., Belouadha, E Z., Kabbaj, M. 1., & Tilioua, A. (2021). Prediction
of solar energy guided by pearson correlation using machine learning.
Energy, 224, 120109.

Chen, J., Zhu, W,, & Yu, Q. (2021). Estimating half-hourly solar radiation
over the Continental United States using GOES-16 data with iterative
random forest. Renewable Energy, 178, 916-929.

Fogno Fotso, H. R., Aloyem Kazé, C. V., & Djuidje Kenmoé, G. (2022).
A novel hybrid model based on weather variables relationships improving
applied for wind speed forecasting. International Journal of Energy and
Environmental Engineering, 13(1), 43-56.



[48]

[49]

[50]

[51]

[52]

[53]

[54]

Ersan Omer Yiizer - Altugj Bozhkwrt | 235

Mosavi, A., Salimi, M., Faizollahzadeh Ardabili, S., Rabczuk, T,
Shamshirband, S., & Varkonyi-Koczy, A. R. (2019). State of the art of
machine learning models in energy systems, a systematic review. Energies,
12(7), 1301.

Alsina, E. E, Bortolini, M., Gamberi, M., & Regattieri, A. (2016).
Artificial neural network optimisation for monthly average daily global
solar radiation prediction. Energy conversion and management, 120,
320-329.

Chu, Y., Pedro, H. T., & Coimbra, C. E (2013). Hybrid intra-hour DNI
forecasts with sky image processing enhanced by stochastic learning.
Solar Energy, 98, 592-603.

Paletta, Q., Arbod, G., & Lasenby, J. (2021). Benchmarking of deep
learning irradiance forecasting models from sky images-An in-depth
analysis. Solar Energy, 224, 855-867.

Kilig, E, Yilmaz, I. H, & Kaya, 0. (2021). Adaptive co-optimization
of artificial neural networks using evolutionary algorithm for global
radiation forecasting. Renewable Energy, 171, 176-190.

Qazi, A., Fayaz, H., Wadi, A., Raj, R. G., Rahim, N. A., & Khan, W. A.
(2015). The artificial neural network for solar radiation prediction and

designing solar systems: a systematic literature review. Journal of cleaner
production, 104, 1-12.

Evseev, E. G., & Kudish, A. I. (2015). Analysis of solar irradiation
measurements at Beer Sheva, Israel from 1985 through 2013. Energy
Conversion and Management, 97, 307-314.

[55] Elminir, H. K., Azzam, Y. A., & Younes, E I. (2007). Prediction of hourly

[56]

[57]

[58]

[59]

and daily diftuse fraction using neural network, as compared to linear
regression models. Energy, 32(8), 1513-1523.

Vapnik, V. (1999). The nature of statistical learning theory. Springer
science & business media.

Melzi, E N., Touati, T.; Same, A., & Oukhellou, L. (2016, December).
Hourly solar irradiance forecasting based on machine learning models.
In 2016 15th IEEE International Conference on Machine Learning and
Applications (ICMLA) (pp. 441-446). IEEE.

Al-Hajj, R., Assi, A., & Fouad, M. M. (2018, October). Forecasting
solar radiation strength using machine learning ensemble. In 2018
7th International Conference on Renewable Energy Research and
Applications (ICRERA) (pp. 184-188). IEEE.

Sorkun, M. C., Paoli, C., & Incel, O. D. (2017, November). Time
series forecasting on solar irradiation using deep learning. In 2017

10th international conference on electrical and electronics engineering
(ELECO) (pp. 151-155). IEEE.



[64]

[65]

Solar Irvadiance Prediction and Methods Used in Prediction Studies

Kumari, P, & Toshniwal, D. (2021). Extreme gradient boosting and
deep neural network based ensemble learning approach to forecast hourly
solar irradiance. Journal of Cleaner Production, 279, 123285.

Feng, C., Zhang, J., Zhang, W., & Hodge, B. M. (2022). Convolutional
neural networks for intra-hour solar forecasting based on sky image
sequences. Applied Energy, 310, 118438.

Rodriguez, E, Azcarate, 1., Vadillo, J., & Galarza, A. (2022). Forecasting
intra-hour solar photovoltaic energy by assembling wavelet based time-
frequency analysis with deep learning neural networks. International
Journal of Electrical Power & Energy Systems, 137, 107777.

Wang, L., Kisi, O., Zounemat-Kermani, M., Salazar, G. A., Zhu, Z., &
Gong, W. (2016). Solar radiation prediction using difterent techniques:
model evaluation and comparison. Renewable and Sustainable Energy
Reviews, 61, 384-397.

Huertas-Tato, J., Galvan, I. M., Aler, R., Rodriguez-Benitez, E J., & Pozo-
Vizquez, D. (2021). Using a Multi-view Convolutional Neural Network
to monitor solar irradiance. Neural Computing and Applications, 1-13.

Ghimire, S., Nguyen-Huy, T., Deo, R. C., Casillas-Perez, D., & Salcedo-
Sanz, S. (2022). Efficient daily solar radiation prediction with deep
learning 4-phase convolutional neural network, dual stage stacked
regression and support vector machine CNN-REGST hybrid model.
Sustainable Materials and Technologies, 32, €00429.

Haider, S. A., Sajid, M., Sajid, H., Uddin, E., & Ayaz, Y. (2022). Deep
learning and statistical methods for short-and long-term solar irradiance
forecasting for Islamabad. Renewable Energy, 198, 51-60.

Ji, W, & Chee, K. C. (2011). Prediction of hourly solar radiation using a
novel hybrid model of ARMA and TDNN. Solar energy, 85(5), 808-817.

Layanun, V., Suksamosorn, S., & Songsiri, ]J. (2017, September).
Missing-data imputation for solar irradiance forecasting in Thailand. In
2017 56th Annual Conference of the Society of Instrument and Control
Engineers of Japan (SICE) (pp. 1234-1239). IEEE.

Huang, X., Shi, J., Gao, B., Tai, Y., Chen, Z., & Zhang, J. (2019).
Forecasting hourly solar irradiance using hybrid wavelet transformation
and Elman model in smart grid. IEEE Access, 7, 139909-139923.
Sharma, V., Yang, D., Walsh, W., & Reindl, T. (2016). Short term solar
irradiance forecasting using a mixed wavelet neural network. Renewable
Energy, 90, 481-492.

Ali-Ou-Salah, H., Oukarfi, B., Bahani, K., & Moujabbir, M. (2021).
A new hybrid model for hourly solar radiation forecasting using daily
classification technique and machine learning algorithms. Mathematical
Problems in Engineering, 2021.



[72]

[73]

[74]

Ersan Omer Yiizer - Altugj Bozkwrt | 237

Zang, H., Liu, L., Sun, L., Cheng, L., Wei, Z., & Sun, G. (2020). Short-
term global horizontal irradiance forecasting based on a hybrid CNN-
LSTM model with spatiotemporal correlations. Renewable Energy, 160,
26-41.

Akhter, M. N., Mekhilef, S., Mokhlis, H., Ali, R., Usama, M.,
Muhammad, M. A., & Khairuddin, A. S. M. (2022). A hybrid deep
learning method for an hour ahead power output forecasting of three
different photovoltaic systems. Applied Energy, 307, 118185.

Ghimire, S., Deo, R. C., Raj, N., & M1, J. (2019). Deep solar radiation
forecasting with convolutional neural network and long short-term
memory network algorithms. Applied Energy, 253, 113541.



