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Abstract: Solar energy generation is one of the most promising and fastest-growing
renewable energy sources for the generation of useful energy worldwide. Forecasting of solar
power is the most essential for the planning of grid operations, mainly in residential
microgrids, to optimize and manage the energy produced in a dispatchable trend. Due to the
inability of deterministic methods to accurately forecast solar power generation due to their
dependency on natural inputs, Artificial Intelligence (Al) based techniques are required to be
implemented. Al techniques clubbed with stochastic methods are considered to be highly
effective for solar generation forecasting. In this review, various artificial intelligence-based
supervised and unsupervised learning methods for solar energy generation prediction are
analyzed. The use of weather and environmental inputs for supervised learning is also
compared. The accuracy of prediction of solar generation using several Al, Machine
Learning, and Neural Network-based techniques are also analyzed in the paper. The paper
presents an overall picture of the use of Artificial-Intelligence based techniques in solar
generation prediction in the world.
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1. Introduction

Solar energy generation is the fastest growing and
most promising type of renewable energy source of
power generation in the whole world. In today’s
world, electrical energy is one of the basic needs just
after food, clothing, and shelter. The use of electrical
energy is also a parameter for measuring the growth
and development of a country. Therefore, there is
always an increasing demand for it in the whole
world. As the current major sources of electrical
power, generated through fossil fuels (coals, fuel,
diesel), etc. are of non-renewable types, with the
sources depleting day by day, it is more important
now to switch to renewable sources. Also, the use of
fossil fuels raises serious environmental concerns.
These are the main reasons that force the
development and growth of renewable or non-
conventional sources of energy, which are
ecologically safe and renewable in nature.
Renewable energy resources are becoming more
applicable as a viable alternative to the use of fossil
fuels [16].

Power generation globally is dominated by
fossil fuels, which are also the main contributors to
CO; in the atmosphere. Increasing CO, emission

threatens the world by global warming, as pointed
out in the “World Energy Outlook 2019” by the
International Energy Agency [21]. Due to increasing
CO; emissions, increasing the risk of global
warming from the traditional power systems,
governments all around the world are now
supporting and encouraging renewable electric
energy sources. Worldwide renewable energy
growth in recent years has been such that, more than
50% of the net annual additions of power generating
capacities have been renewable forms [9].

India has tremendous potential for
sunlight-based PV and with support from the
government; India can become a leader in the solar
market. One of the primary components of the
government’s solar mission is to make the solar
power generation limit of 20 GW by 2022 [7].

Forecasting or predicting the output of the
solar PV systems will be an important issue for
electricity departments to dispatch electricity in
time, with increased reliability and also in reducing
the spinning reserve capacity of generation systems.
Solar Photovoltaic Power Production Prediction
models that predict the output power of PV systems
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at short-term or long-term intervals are highly
dependent on intermittent solar radiation [9].

Short-term power prediction methods for
solar power plants are found to be primarily
comprised of two classes: physical methods and
statistical methods [10]. The most widely used
forecast technique is the physical model, which
depends on the physical properties of the weather,
either as graphical or numerical data. Examples of
some data sources for the physical method are
satellite images, ground-based sky images, and
numerical weather prediction methods. These
models are highly dependent on the weather data
and its properties such as cloud coverage, changes in
temperature that help forecast the future state of the
atmosphere [16]. The statistical methods use
historical data for the prediction of solar generation,
based on trend data analysis.

Section-1 presents the introduction of the
paper. Section-2 explains the Al-based techniques
for solar generation prediction. Section-3 presents
the regression model of machine learning in solar
generation prediction, whereas, Section-4 presents
the conclusion regarding solar generation using
artificial intelligence.

2. Al-based techniques for solar
generation prediction

A. Mellit et al. [10] pointed out that the accuracy of
forecasting of PV output power by the application of
Al techniques is very high. The Al techniques used
are of different types such as machine learning
(ML), Deep learning, artificial neural networks
(ANNS), genetic algorithms (GAs), and fuzzy logic
(FL). The most effective ANN-based methods for
solar generation prediction include MLP, RNN, and
RBF. The ANN-based solar generation forecasting
method uses weather and environment-based input
parameters such as temperature, relative humidity,
cloud index, wind speed, pressure, etc.

K. R. Kumar et al. [7] considered
environmental factors such as solar irradiance, cloud
cover, atmospheric pressure, and temperature as
inputs to train and utilize the ANN and ANFIS
(Adaptive neuro-fuzzy inference system) models for
solar generation prediction. Installation angles, dust
on a PV panel, and other random factors are also
considered as input data for the forecasting models
for higher accuracy. The data points taken for
validation are being sampled to represent low,
medium and, high values of the parameters which
are required in the forecast model.

R. Kabilan et al. [21] show how power
prediction of BIPV  (Building Integrated
Photovoltaics) can be done by using ANN, SVM

(Support Vector Machine), and Decision tree,
through machine learning technique algorithm. The
algorithm is mostly focused to predict the load
dispatch of a particular grid that is interconnected to
the PV system in determining its accuracy and
efficiency.

J. P. Lai et al. [14] pointed out the surveys
of several machine learning models and their
techniques that can be applied for predicting
renewable energy. The data process techniques
involved for the prediction are divided into four
sections of data processing, determining proper
parameters, training the model, and testing. For
forecasting accuracy, the measurement parameters
computed are- MAE (Mean of the Absolute Errors),
MAPE (Mean Absolute Percentage Error), RMSE
(Root Mean Square Error) and R squared
(Coefficient of determination).

S. Al-Dahidi et al. [9] predicted the
photovoltaic system power productions in terms of
one day ahead of hourly predictions. Different ANN
learning algorithms have been used for defining and
investigating the ANN parameters. Several sets of
inputs or data sets have been used for ANN
prediction modes. Also, different algorithms and
training datasets have been used for building ANN
models.

The research of 1. Jebli et al. [18] is mainly
focused on predicting accurately the solar energy
generation, applying architectures of RNN
(Recurrent Neural Network), LSTM (Long Short-
Term Memory), and GRU (Gated Recurrent Unit)
algorithms, which provide suitable forecasting of the
time series data. Three different DL models are used
for the prediction of PV solar energy output in terms
of half an hour ahead, i.e., RNN, LSTM, and GRU.

J. M. Barrera et al. [15] presents a PV solar
energy prediction mechanism based on the ANN
model. The three solar components that are
considered for the inputs on solar energy production
are: direct radiation, diffused radiation, and reflected
radiation. The various factors that are additionally
considered are- azimuth angle, air temperature, wind
speed, and PV output. For this system various
support vector machine algorithms have been
considered for weather prediction, computing the
parameters such as MAE, MSME, etc.

S. S. Ali et al. [11] have provided a broad
and overall review to support many forecasting
applications in a distributed smart grid. The paper
indicates how various Al techniques are applied for
supporting the combination of conventional
generation with renewable energy resources. The
various factors which are involved in smart grid
systems, considered for modelings, such as markets,
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consumers, and energy production are presented in
their paper [11].

R. Sabzehgar et al. [16] predict the solar
irradiance based on the climate or weather
parameters and by using the predicted values
forecast the cost or amount of generated power in a
microgrid. For this study, three forecast approaches
are considered, viz., variable regression, neural
networks, and support vector machines. Mean
absolute percentage error (MAPE) and mean
squared error (MSE) is computed to evaluate the
accuracy of the forecast models of all three types.

H. Wang et al. [12] used Al algorithms-
ML, deep learning, and fuzzy logic to predict the
solar energy generation levels. The different ML
algorithms used are ANN, SVM, ELM (Extreme
learning machine), and RNN. In deep learning, it
includes SAE (Stacked Automatic Encoders), DBN
(Deep Belief Network), CNN (Convolutional
Neural Network), and GAN (Generative Adversarial
Networks). Al optimizer for solar predictions in this
work includes PSO, GA, DE, etc. from the
quantitative statistical standards measurements. It
can be observed that all the forecasting methods
considered in this study have different RMSE
indices.

Figure 1 presents the process flow chart of
the forecasting model using ML for solar generation
forecasting. All  other supervised learning
algorithms also follow similar steps for the solar
generation prediction using environmental inputs
and historical data in the training phase.

Input training data set
Processing techniques
Machine learning algorithm
Develop unified model forecasting

Evaluate model accuracy

e‘I‘I‘I‘I‘I.e

Figure 1: Process flow chart of the forecasting
model using ML for solar generation
forecasting [4]

3. Regression models of Machine
Learning in solar generation
prediction

The application of Machine Learning (ML) methods
in environmental and renewable energy has
expanded with recognition of its potential. Many of
the renewable energy problems are exactly the types
of problems, and issues for which the Al approach
appears to be most applicable. ML models are
suitable for forecasting due to their capabilities in
learning. Some Examples of these models would
include support vector machines (SVM), regression,
and neural networks. With the increasing demand
for solar power in residential usage, the use of ML
has become highly imperative [16].

Machine learning has become increasingly
common in predicting/forecasting and classification
because of its capability to deal with nonlinear
problems and for being able to reliably process
complex data. It can differentiate the relationship
between input and output variables, even when the
representation is unlikely [20]. Some of the common
machine learning algorithm techniques used in solar
generation prediction are Support vector machine
(SVM), Regression, Artificial Neural Network
(ANN), Fuzzy logic, K-nearest neighbor algorithm
(KNN), and decision tree-based techniques such as
random forest (RF), etc. [9].

The most popular form of regression
analysis is Linear regression because of its ease of
use in predicting and forecasting. However, the
complexity of input-output relationships prompts
the use of polynomial regression in solar generation
prediction problems.
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Figure 2: Polynomial regression plot solar
generation (net MU) versus ambient
temperature [4]

A linear, multi-variable, or polynomial
equation obtained by the regression method which is
best fits for data depends on the correlation between
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the dependent variable and various samples of
independent variables [16].

The multivariate model of Regression
helps in predicting and explaining the unique
significance of each independent variable on the
independent variable. Regression analysis helps in
causal forecasting. It is possible to build a statistical
model once the relationship is determined and
forecast the variables of interest. Forecasting using
regression analysis is more reliable and powerful
than time series forecasting [3]. In solar power
forecasts, the multiple linear regression analysis
models perform well. The performance of such a
model is better for near horizon forecasting. If the
forecasting hours are with a clear sky, the prediction
is more accurate. For cloudy hours, the performance
of the models is often compromised [4].

Some of the more advanced machine
learning techniques such as Deep Learning (DL)
have created a good performance on several types of
problems, including solar generation prediction.
However, the application of DL in photovoltaics is
still limited [10]. There is scope for the application
of the same inaccurate prediction of solar generation
using multiple input data from numerous sources.

4. Conclusion

In this paper, several solar generation forecast
models have been presented, based on the different
types of algorithms and techniques of Al used, such
as ANN, ML, DL, etc. The PV output power using
ML is determined by considering the short-term
day-ahead power, long-term day-ahead power, and
for different climatic conditions. The climatic
variables taken into considerations are solar
irradiance, temperature, humidity, precipitation,
cloud cover, and wind direction. The output power
of the PV changes depending on the climatic
condition of that particular location or area during
the day. Hence, for the accuracy of prediction, the
ANN is dependent on how it is trained and on the
quality of data used. The more weather data used for
the prediction algorithm development more
accuracy of solar power prediction is obtained. From
the compared results of the works done by several
researchers, it is observed that the Machine Learning
models are more accurate and efficient in predicting
the generated energy by the Solar PV sources. Also,
the use of mixed algorithms makes the prediction
more efficient and accurate. Out of all the variables
used for solar generation prediction, the ambient
temperature and weather conditions are found to be
the most effective ones, with higher accuracy of
prediction. However, it is also true that the selection
of suitable variables depends on the location of solar
generation. Hence, it can be concluded that the
selection of suitable variables for solar generation

prediction is to be done based on in-situ
experimentation and validation.
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