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Abstract: This paper presents a comprehensive review of machine learning (ML) based approaches,
especially artificial neural networks (ANNs) in time series data prediction problems. According to
literature, around 80% of the world’s total energy demand is supplied either through fuel-based
sources such as oil, gas, and coal or through nuclear-based sources. Literature also shows that a
shortage of fossil fuels is inevitable and the world will face this problem sooner or later. Moreover,
the remote and rural areas that suffer from not being able to reach traditional grid power electricity
need alternative sources of energy. A “hybrid-renewable-energy system” (HRES) involving different
renewable resources can be used to supply sustainable power in these areas. The uncertain nature
of renewable energy resources and the intelligent ability of the neural network approach to process
complex time series inputs have inspired the use of ANN methods in renewable energy forecasting.
Thus, this study aims to study the different data driven models of ANN approaches that can provide
accurate predictions of renewable energy, like solar, wind, or hydro-power generation. Various
refinement architectures of neural networks, such as “multi-layer perception” (MLP), “recurrent-
neural network” (RNN), and “convolutional-neural network” (CNN), as well as “long-short-term
memory” (LSTM) models, have been offered in the applications of renewable energy forecasting.
These models are able to perform short-term time-series prediction in renewable energy sources and
to use prior information that influences its value in future prediction.

Keywords: artificial neural network (ANN); backpropagation algorithm; energy prediction; hybrid
renewable energy system (HRES); machine learning

1. Introduction

In modern life, energy plays a vital role in industrialization, urbanization, as well
as the economic development of a country [1,2]. According to the briefing of US EIA [3],
global energy usage is growing by approximately 2.3% per annum. From the study [4], it
is estimated that the petroleum will face the shortage soon in all over the world. Fossil
fuels are also the main source of environmental pollution [5] including air [6] and water
pollution [7]. Hence, renewable energies (RE) sources like geothermal, wind, solar, biomass,
etc. have been gained a lot of attention as alternative sources of energy development [8,9].
According to the study of Kumar [6], renewable energy sources are abundant, sustainable,
and pollution-free. Figure 1 shows the world energy consumption by different fuel types,
such as renewables, nuclear, natural gas, coal, and oil. It is clear from the figure that fossil

Sustainability 2021, 13, 2393. https://doi.org/10.3390/su13042393 https://www.mdpi.com/journal/sustainability

https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0000-0003-2456-4356
https://orcid.org/0000-0001-5511-0205
https://doi.org/10.3390/su13042393
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/su13042393
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com/2071-1050/13/4/2393?type=check_update&version=2


Sustainability 2021, 13, 2393 2 of 28

fuels including oil, coal, and natural gas, are widely used as a reliable source of energy to
provide approximately 80% of the total required demand all over the world [10].

Figure 1. Global direct primary energy consumption [10].

Since the remote and rural electrification suffers the unreachability of the grid power,
it needs to prompt for different alternative sources of energy in that areas. Thus, a “hybrid-
renewable-energy system” (HRES) [11], an example is shown in Figure 2, is used to
improve electrical power production and to provide electricity in rural areas [12] while
hydrogen can be produced by RES as well. A hybrid system can address and overcome the
limitations of renewable energy resources with efficiency, reliability, and economics [13].
Different countries in ASEAN, especially Malaysia, Thailand, Indonesia, Philippines, and
Vietnam have recently initiated devotion for green and sustainable energy deployment [14].
Several researchers presented HRES models including renewable energies such as wind-
biomass [15], hydro-solar [16], wind-PV-hydro [17], PV-biomass [18] or wind-PV-biomass
[19], to plan a power plant in stand-alone [20,21] or grid-connected modes [22,23]. There
are many methodologies applied to optimize the hybrid systems including multi-objective
[24], artificial intelligence [25], iterative techniques [26], probabilistic methods [25], and so
on. As an example, Bao et al. [27] reviewed the development of the entire energy system for
an isolated microgrid, mainly for hybrid renewable in hydrogen energy systems including
energy management system, sizing optimization, and maximum power point tracking
controller. The authors in [28] proposed an optimal hybrid model to predict electricity
consumption based on season changes. The proposed model used adaptive fuzzy network,
feed-forward neural network, and autoregressive integrated moving average methods to
forecast power consumption.

Figure 2. An example of “hybrid-renewable-energy system” (HRES) schematic that involves multiple
renewable energy resources.
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Nowadays, the machine learning (ML) methods have rapidly expanded in various re-
newable energy related applications [29–31], such as energy generation and integration [32],
consumption and demand analysis [33,34]. The ANN-based model with a multilayer per-
ceptron and error back-propagation algorithm has been developed to estimate the mixed
energy demand in South Korea [35]. This model considered the scaled FF–back-propagation
(BP) (BFGS) method in terms of “root-mean-squared-error” (RMSE) to predict the highest
energy demand from 2018 to 2023 based on several economic parameters, like gross do-
mestic product (GDP), population, import, and export amounts. Authors have presented
the “Harmony-Search-Transport-Energy-Demand-Estimation” (HASTEDE) based model
for estimating transport energy demand in Turkey [36]. The developed HASTEDE model
has applied heuristic information of population, GDP, and vehicle ownerships to project
future energy consumption until 2025. Figure 3 demonstrates the growth of research on
energy systems as well as different subject areas that used ML [37] for the last two decades.
Frequently used ML models in the energy sector are “artificial-neural-network” (ANN),
“Extreme-learneanig-machine” (ELM), “support-vector-machine” (SVM), “adaptive-neuro-
fuzzy-inference-system” (ANFIS), deep learning, decision trees, advanced hybrid ML
models, ensembles, etc. [38,39]. Due to the irregularity behavior of the RE resources and
the capability of ANN to process complex data lead to the use of ANN techniques for
renewable energy prediction [40,41].

Figure 3. Subject areas of using machine learning.

Several studies of ANN models for renewable energy forecasting or prediction [42–45],
including solar irradiance [46,47] and solar energy prediction [48,49], wind power predic-
tions [50,51] as well as hydropower prediction [52,53] are summarized in Table 1.

James Mubiru [54] developed a prediction model using ANN to forecast daily av-
erage solar radiation. Ahmad et al. [55] presented a system for forecasting hourly solar
irradiation utilizing autoregressive recurrent neural networks. Kazem et al. [56] proposed
a system for predicting electricity production of the PV system using machine learning
techniques including feed-forward networks, self-organizing feature maps, and support
vector machines. Another design of the solar energy systems using MLP and autoregressive
neural methods has been done by Loutfi [57]. The model could predict solar radiation on an
hourly basis with very simple data such as temperature and humidity. Researchers in [58]
presented a novel deep-learning model based on a “long-short-term memory” (LTSM) for
prediction of PV systems‘ generation.
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Table 1. Literature concerning the artificial neural network (ANN) methods of power forecasting.

Author RE Sources Methods Prediction Outputs Inputs

Fouzi [58] Solar Energy LSTM based deep learning approach short-term prediction of solar energy Time series meteorologicaldata, such as irradiance, temperature,
and wind speed

Amith [59] Solar Energy ANN-based prediction models the hourly prediction of the PV system’s power
Parameters of environment , e.g., Solar irradiance,air
humidity,temperature, wind direction/speed, surface
temperature of PV

James Mubiru [54] Solar Energy Feedforward neural network Predict the monthly solar radiation based on a
daily average radiation

solar irradiation on daily basis, Time of sunshine, temperature
as well as latitude, and longitude

Andŕe Gensler [60] Solar Energy Deep Learning and ANN algorithms, such as LSTM,
Auto Encoder, and Deep Belief Networks Forecasting solar power Daily average solar irradiation, sunshine hours, temperature,

location, etc.

Daniel [61] Solar Energy ANN Model Solar power prediction Time, direct beam solar irradiance, total solar irradiance, power
produced from the solar panel

Rui Zhang [62] Solar Energy Deep convolutional neural networks Forecasting solar energy generation Latitude, longitude, altitude and time; temperature, humidity,
moisture, wind velocity, etc.

Sumanta [63] Wind Power Single-step and multistep RNN Wind speed prediction from a daily basis to
monthly basis

Historical data on wind speed and wind direction for 15 years
on an hourly basis

Alok [64] Wind Power BP neural network Future prediction of wind speed 1500 daily windspeed patterns

Alla [65] Wind Power Deep learning approach, Feedforward ANN, Linear
regression Predict of Wind energy From 5 to 30 min ahead Wind speed

Jaume [66] Wind Power Deep neural network Wind speed prediction wind direction, speed of the wind, temperature, air pressure,
etc.

Senthil [67] Wind Power BP network, RBF network, and NARX models Wind speed prediction
Time series historical weather data for 3 years and intervals of
15 min: radiation, wind direction and speed, temperature,
humidity, reflected radiation, etc.

Ummuhan [68] Wind Power multivariable model based on ANN Prediction of Wind velocity (speed) Temperature, wind direction and speed, and air pressure

ALI [69] Hydropower ANN: Feed Forward Neural Networks (FFNNs) Prediction of power generation Waters’ Flow rate and Net Turbine’s head

Ichiyauagi [70] Hydropower “multi-layer perceptron” (MLP) Prediction of the flow rate of the river the flow rate of the river, rainfall amounts, overall rainfall’s
volume and duration

Stokelj [71] Hydropower multi-layer perceptron (MLP) Forecasting up to 6 h ahead of the future
natural water inflow

Amount of precipitation in the last 15 min, last hour, last 2 or
4 h, current water inflow, natural inflow 8 h ago

Murat [72] Hydropower the Levenberg–Marquardt algorithm in Neural network
and feedforward mode

The annual average’s prediction of the
hydroelectric energy

series of Inflows, requirements for irrigation water, rates of
evaporation, ratio of turbine running time, and the coefficient of
C

Marcio [73] Hydropower MLP using the BP algorithm Forecasting the monthly hydropower
generation Daily rainfall data



Sustainability 2021, 13, 2393 5 of 28

Wind energy can be predicted either by utilizing weather forecast data or by using the
historical time-series. Senthil Kumar [67] presented three different ANN-based models for
wind speed prediction, such as a back-propagation network (BPN), non-linear auto-regressive
with exogenous inputs (NARX), and radial basis function (RBF). The LSTM optimization
algorithm was also used the recurrent neural networks (RNNs) to predict the wind speed for
daily and monthly basis [68] and finally, a univariate single layer RNN was recommended
for wind speed forecasting. Jaume et al. [66] proposed deep learning approaches for wind
speed prediction and different structures including MLP, CNN and RNN were applied in
large wind dataset. The study done a comparison analysis among the obtained results and
recommended the deep-learning model for air speed and power forecasting.

The advent of machine learning has delivered an opportunity for forecasting hy-
dropower generation. It can estimate the daily, monthly, yearly, and average hydroelectric
energy. Ali [69] presented ANN-based models considering the feed-forward network along
with a back-propagation procedure to predict the hydropower energy at the Himreen lake
dam-diyala station. Shaw [74] used high-fidelity models as well as optimization methods
and surrogate modeling techniques for an hourly power generation scheme which was
emulated by genetic algorithm and artificial neural network approaches. Authors in [72]
represented a single hidden-layer MLP along with the Levenberg–Marquardt algorithm to
provide an accurate prediction of the hydroelectric energy annually from an irrigation dam.

This paper aims to propose the ANN-based methodology in a hybrid renewable energy
system for power prediction. This study also highlights the utilization of AI approaches
in different stages of a renewable energy-integrated system. This paper reviews different
ANN models, such as MLP, CNN, RNN that will be employed to manage the hybrid energy
systems and the renewable energy generation efficiently.

2. Machine Learning in HRES

Machine learning (ML) techniques have been employed for efficient energy manage-
ment in generation and demand sectors. ML methods can be utilized either in a stand-alone
or grid-connected renewable resources, depend on the requirements and the characteristics
of the nature of obstacles. Figure 4 presents the sectors where machine learning methods
can be used for power prediction, demand forecasting, management of renewable energy
systems as well as enhancing the system performance. The major usages of ML methods in
HRES are briefly described in the following subsections:

(i) Predicting the Output Generation of Renewable Energy. Forecasting energy genera-
tion is a vital issue for renewable energy sources and machine learning as a tool of
forecasting energy production play an important role in this context [75,76]. Solar
or wind energy can be predicted using historical data. The accuracy of prediction is
challenging due to the nature of dependency of the source of these energies to the
environment condition [77]. This study presents different neural network techniques
that are used to predict the output of the renewable energies.

(ii) Specifying the Geographical Location, Configuration, and Sizing of Renewable Power
Plants. Optimal sizing of renewable power plants is a challenging task in HRES. The
location of the energy plant and other parameters depend on different factors, such
as weather, territory, availability, and expenses. Also, unlike fossil fuel sources, the
operation of renewable energy plants needs space. Hence, it is essential to specify size
and analyze the location in case of e.g., weather data, humidity, temperature, wind
speed, irradiation etc. [78]. Machine learning techniques have the ability to assist
these decision making steps [32].

(iii) Managing the Overall Operation of RE Integrated Smart Grid. Smart grid (SG) is a
new generation of power plants that optimizes all sectors of the grid from generation
to distribution, and storing energy [79,80]. With the speedy expansion of the power-
grid and continuous advancement of making it intelligent, more effective, and efficient
operation are expected by stakeholders to manage the grid. The intelligent techniques
as well as the combination of AI, IoT, and ICT tools are needed to satisfy the efficient
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management of the smart grid [81,82] and provide the solutions for problems facing
by power grids, such as demand-supply balancing, fault detection, operation of the
grid, and management, data management of grid and control, and so on [83].

(iv) Forecasting the Energy Demand. Energy demand prediction ensures the reliability of
supply, and the demand-supply chain has to be perfectly balanced [84]. Since different
stakeholders with diverse characteristics are existed in HRES, the energy demand
forecasting is a difficult task. ML methods are able to sort the accurate estimation of
power consumption and demand [85] as well as renewable energy production and
supply [86].

(v) Developing Renewable Energy Materials. Machine learning is expanding its capability
to renovate materials discovery. It can be used to support other energy-related fields,
such as solar cells, batteries, catalysis, and crystal discovery [87]. Thus, ML approaches
can be used for developing renewable energy materials. ML is also used in another
promising and exciting area, such as inverse design where the properties of the material
are given to the ML model, and it finds the materials from those properties [88].

Figure 4. Usages of advanced technologies in hybrid-renewable-energy system (HRES).

3. RE Forecasting Approaches

Energy forecasting is a process of estimating the energy generation from different
sources. The growing perception of advanced technology has made energy forecasting a
popular task in the today’s power system. There are two different approaches for energy
forecasting. The first approach is called the top-down approach, where the prediction
is done at the highest level. The second approach is called the bottom-up or build-up
approach, where prediction is made from lower-level and predictions are collected to higher
levels of the forecasting hierarchy [89,90]. In a hybrid system, a bottom-up approach is more
meaningful and suitable for seeking the individual value of the forecast ed components [91].
An overview of a bottom-up method for predicting the energy generation of each source is
illustrated in Figure 5. This section reviews the energy predictions of some common RE
sources, such as wind, solar, hydro, biomass energies.
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Figure 5. Bottom-up or build-up approach for energy generation forecasting.

3.1. Solar Energy Prediction

Solar energy is a genuinely sustainable source of energy that directly uses the sun‘s
energy either in the form of electricity (Photovoltaic) or heat (photo-thermal) [92,93].
Photovoltaic energy is non-contaminating, doesn’t make greenhouse gas like other forms of
energy sources such as fuel-based energies. One of the meteorological parameters which is
so difficult to predict the sun irradiance because of its dependency on diverse astronomical,
geographical, and climatic parameters such as air pressure, ambient temperature, humidity,
wind speed/direction, and sunshine period [94,95]. Due to the uncertainty nature of these
parameters, the machine learning approach is used most frequently to predict global
irradiance on a monthly, daily, or hourly basis [96].

3.2. Wind Power Prediction

The primary application of wind energy is to use the kinetic energy of the air and
convert it to electricity on a large scale either onshore (on land) or offshore (on oceans, seas,
etc.) [97]. The renewable and sustainable wind energy also depends on solar irradiance,
wind speed as well as other ambiance conditions. For the intermittency and uncertainty
of wind power [98], forecasting is needed to use this energy. Like solar energy, wind
power prediction can be classified as hourly (immediate-short-term), daily (short-term),
and monthly (long-term) prediction, according to time-horizons [99]. The techniques of
prediction of wind energy are varying from physical (deterministic) approach to statistical
or machine learning approach based on historical and time-series data analysis [100].
Accurately prediction of the wind power is challenging due to the intermittency of the
speed of the wind over time. To enhance the forecasting accuracy in the long/short-term,
various dynamic ANN-based techniques, such as CNN, RNN (with multi-variable, such as
wind direction/speed, ambient temperature, solar irradiance, environment humidity, and
air pressure [101]) have been proposed [102].

3.3. Hydro Power Prediction

Hydropower is a source of energy that harnesses from the kinetic energy of water,
to generate electricity. Hydropower generators normally build in the river’s pathway.
Hydropower energy has many advantages over the majority of the other sources of energy,
such as a high level of reliability, high performance, low maintenance cost, and the capabil-
ity of adjusting according to the load changes [103]. Hydropower depends on the volume
of the water that passes through the turbine and the size of the turbine itself. For instance,
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in the rainy season hydropower turbines can produce more power due to the plentifulness
of water, while the bigger turbines may produce more electricity. In other seasons due to
lack of water, smaller turbines may be more useful. Thus the optimization and prediction
of the size of hydropower turbines is essential here. However, the relationship between
the turbine size and flowrate of water are non-linear and very complex in nature. The
optimization can be done by artificial intelligence and machine learning methods, such as
“support-vector-machine” (SVM), “genetic-algorithm” (GA) [104], and “artificial-neural-
network” (ANN) [69]. Like other predictions, the hydro power prediction is a dynamic
process that requires constantly updating information about weather measurements and
previous energy production to ensure proper regulation of the system.

3.4. Biomass Energy Prediction

Biomass energy is another source of renewable energy that is harnessed from biological
sources. Biomass can be considered as a part of the carbon cycle from the atmosphere
into plants, from plants to soil, and finally from soil to the atmosphere during plant decay.
Bio-energy can be utilized in many aspects, such as transport in the form of bio-diesel,
generating electricity, and heating. Most of the relevant biomass is produced in village
agricultural fields, wastelands, and forests. The process of biomass prediction is precise in
nature, and different methodologies are used for biomass energy estimation. Literature
shows that the accuracy of the image-derived-based prediction of the biomass energy
is approximately high even by utilizing the linear regression models. Although, it is a
big challenge to employ these methods in experiments in different situations such as
environmental variables and conditions or a lack of data-sets for estimation [105].

Therefore, according to the literature, solar and wind energy are likely the future of
the energy resources for power plants. Since their output power is intermittent, therefore,
forecasting techniques can help to increase their efficiency. However, there are some chal-
lenges to forecast the output energy of PV panels and wind generators. The most significant
challenge is the lack of proper data sets and measurement equipment in some locations.
Besides, the other challenge is the lack of standard methodologies that users can easily
follow and obtain the required parameters to evaluate the related solar or wind energy
availability under diverse sky conditions. In the following section, the neural network
techniques in the output predictions of the renewable energy generation will be reviewed
and discussed.

4. Materials and Methodology

The overall power forecasting strategy involves two modules. First, it is tried to de-
scribe data acquisition and processing. Secondly, machine learning algorithms are reported
for energy prediction. More details are provided in the following sub-sections.

4.1. Data Description and Processing

The main objective of this study is to present the data-driven models that can predict
wind and solar power accurately. Collecting and analyzing data is the most important
part of the renewable energy prediction. For proper energy forecasting, the data need
to be gone through the processing module, including normalization, outsourcing the
unwanted/wrong data, data clustering, and analysis of the correlation of the data [106,107].
Among the procedures, the first two are not implemented for all data training techniques
and mainly are common for data pre-processing. To create a training data-set, however,
data clustering is required. Finally, the correlation analysis provides a perspicacity for the
delays that are utilized by the forecasting models.

Table 2 reviews different input vectors of renewable energy based on training model
and validation for solar energy, wind power, and hydro-power prediction in specific [108].
Prediction of solar energy needs a maximum of nine parameters, such as sun altitude,
latitude/longitude, time (including month and year), an average of ambient temperature,
mean air pressure, the average speed of the wind, and means air‘s humidity. The prediction
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would be solar average irradiance. In the same way, wind power prediction required
wind direction/speed at the specific location and the temperature. Hourly data values
are collected to get the daily data set, and the maximum, minimum, mean, and standard
deviation values for wind speed, temperature, relative humidity, current pressure, and
solar radiation variables are used in the data. The data that are required for hydro-power
prediction are time, temperature, humidity, and air pressure. In biomass power prediction,
image-based techniques have been commonly used.

Table 2. Inputs used for renewable energy prediction.

Input Vectors Solar Energy
Prediction

Wind Power
Prediction

Hydropower
Prediction

Time variable X X X
Seasonal variable X X X
Location variable X X X
Wind power X
Solar power X
Temperature X X
Wind speed X
Direct irradiance X
Diffuse irradiance X
average or seasonal water flow X
hydraulic head X

4.2. Types of RE Prediction Models

There are several classes of prediction methods applied on renewable energy, like solar
or wind power forecasting [58], such as (i) statistical methods using collected data, (ii) ML
techniques including ANN, (iii) numerical models based on weather condition forecast,
images from satellite, and (iv) combined models of the above techniques. As we know that
solar, wind, or hydro-power time series are non-linear and non-stationary, these methods
are applied to learn from the data pattern and tell the future behavior of the weather
occurrences. This study aims to review the machine learning techniques (especially neural
network models) that use time series data for forecasting energy generation, focusing on
wind power, solar energy and hydro power generation. Based on the input time-series
and feedback output with a data-driven method, three network models can be utilized,
such as I-O, NAR and NARX neural networks (see Figure 6) [109]. The neural network is
designed with the embedded memory (tapped-delay) for inputs and feedback outputs and
z−1 is the unit tapped-delay operator. To define the characteristics of the architectures, let
consider, x(τ) as the input of the prediction function which is the independent variable,
y(τ) as the output of the of x(τ), and f (τ) as the prediction model as well as dy and dx
denote the delay of output feedback and input, respectively. The delay corresponds to the
former inputs and the target-outputs that will be utilized to forecast future values. (p ≥ 1)
is the steps ahead‘ number for which the later behavior being forecasted.

(i) The input-output (I-O) approach, which utilizes different types of input except for the
previous values of the target-output, is presented in the following equation:

y(τ + p) = f (x(τ), x(τ − 1), . . . , x(τ − dx)) (1)

(ii) The non-linear auto-regressive (NAR) approach that only utilizes the previous values
of the target-output, is presented as bellow:

y(τ + p) = f (y(τ), y(τ − 1), . . . , y(τ − dy)) (2)

(iii) The nonlinear auto-regressive with exogenous (NARX) approach, which uses both
the exogenous inputs and past values of target. The NARX provides better results in
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case of accuracy rather than the other former approaches when the exogenous inputs
are associated with the targets due to carrying the high volume of information about
the system. NARX equation is defined and presented as below:

y(τ + p) = f (x(τ), x(τ − 1), . . . , x(τ − dx), y(τ), y(τ − 1), . . . , y(τ − dy)) (3)

(a) I-O architecture (b) NAR architecture

(c) NARX architecture

Figure 6. Network architectures for predicting a time series with a data-driven method.

4.3. Prediction Methodology

The methodology based on the machine learning (ML) model is summarized in
Figure 7 [58]. The process of applying machine learning (ML), on renewable resource datasets
to forecast values of the future, consists of three general phases [59], given as follows:

(a) Collect data from the energy sources and environment.
(b) Normalize and pre-process the original data to extract features.
(c) Train the ML model, perceive the evaluation of the accuracy of training samples, and

validate the pre-trained model by validation samples. Then the designed ML model
is used for forecasting power output by test dataset.

The most amazing machine learning systems include neural network approaches that
have the capability for learning, memorizing, and building relationships among non-linear
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data [110]. The systems can identify data with similar patterns, but not identical to each
other which they have been trained. They are fault tolerant and capable of approximation
for any continuous nonlinear function with better accuracy. Thus, they are capable of
handling incomplete, noisy, nonlinear, and nonstationary time series [31]. There are many
variations and refinement architectures of neural networks; three of them are presented here
in the applications of renewable energy forecasting [66], such as “multi-layer-perceptron”
(MLP), “convolutional-neural network” (CNN), and “recurrent-neural network” (RNN).

Figure 7. Schematic block of the machine learning (ML) based training and prediction stages.

4.3.1. MLP Models

The most straightforward architecture of neural network is the multi-layer perceptron
(MLP). It also known as feed forward neural network, in which all neurons of each layer
have forward connections with every neuron of the subsequent layer, which is shown in
Figure 8. The MLP network includes many perceptrons with a layered structure (includes
input, hidden and output layers) that have the ability to approximate the future values
given a certain input in renewable energy forecasting applications [59]. Generally, this
model tries to iterate the ML in an alike nature to the human brain on non-linear and time
series renewable energy data forecasting, in the following ways:

(i) The data or in the same way signal is imported into the input layer and treated by the
hidden layers. The result then is available in the output.

(ii) As the MLP model is fully connected network, each connection in the network have a
weight wij associated to it. The weights are initialized by randomly assigning very
small values, and the initialization process is done before the training of the network
is being made.

(iii) Each neuron has an activation function that acts on the inputs received and generates
an output. A learning method, back-propagation algorithm, optimizes the weights on
each connection in a process to find the optimal combination for the output.
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Figure 8. The layered structure of multi-layer perception (MLP) network that will produce a single
output value.

4.3.2. CNN Models

Convolutional neural networks (CNNs) are specialized in processing large volume
of matrix data, such as time-series or images [111,112], and a few studies have been done
in energy applications using CNN methods. The CNN model has a potential to classify
time-series for short-term scheme as well as it is capable to carry relevant information of
the prediction process in renewable energy forecasting. Therefore, these models can be
used to estimate the future behavior of the power generation from the prior information
of renewable energy resources, like wind or solar energy. CNN models also have the
ability to process input data, there is no need additional feature extraction methods in
the earlier stage [113]. Figure 9 illustrates an example of a basic CNN architecture for
time-series data prediction [114,115]. For efficient prediction and effective modelling of
time-series data, the CNN model generally employs five mapping layers, such as “input-
layer”, “convolutional-layer”, “pooling-layer”, “fully-connected-layer” (or “dense-layer”),
and “output-layer” [47,113]. The roles of these layers are divided into three groups, such as

(i) Inputs feeding: The input layer specifies the input time series data and then it is fed
with shared weights to process in multiple learned kernels.

(ii) Feature extraction: The convolutional layers determine local associations in input
time series whereas pooling layer progressively reduces the dimension of the feature
data related to the target variable, and finally provide feature maps as the outputs.
Generally, this model has some levels of convolutional-pooling layers, and different
convolution operations are performed in each layer.

(iii) Output Prediction: The final phase combines the extracted feature maps to the fully-
connected network layers through flattening (i.e., input layer for the neural network).
This layer flattens the pooled feature maps into column, so that data can be easily
insert into the neural network. Finally, the fully-connected layer predicts a future
value based on features in input variables and a target variable.
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There are many convolution and pooling layers involving feature generation in the
CNN model, and each convolutional layer is intended to extract patterns related to its
input time series [116]. The output of each convolution layer is expressed as follows:

hij = f ((Wk ∗ x)ij + bk) (4)

where f is the transfer function, x is the input time series, Wk and bk are the weight and
bias of the layer connected to k-th feature map, respectively and the ‘*’ represents the
convolutional process. Also, the prediction part may contain many dense layers and finally
the approach has the following input-output pattern:

IN ⇒ [CONV → POOL] ∗M⇒ [FC] ∗ N ⇒ OUT (5)

where IN, CONV, POOL, FC and OUT denote the input, convolution, pooling, dense, and
output layer activities, respectively. M and N indicate the number of CONV layers and FC
layers, respectively, and ‘*’ shows repetition. The convolutional and fully-connected layers
require transfer functions.

Figure 9. Schematic diagram of a basic convolutional-neural network (CNN) model for time series
data forecasting.

Moreover, autoencoder in CNN (unsupervised learning method) is designed to reduce
input data dimension ignoring the input noises into single dimensional data array through
hidden-layers [117]. Thus, it extracts only essential feature data (encode) and acquires how
to rebuild the original data from encoded or compressed representation that is as close to
inputs as possible (decode) at the output-layers.

4.3.3. RNN Models

The “recurrent-neural network” (RNN) is a distinct type of ANN with loops that
can perceive information in sequences of inputs. It can share parameters among neurons
in different layers making cycles of sequence in the network in order to predict better
results. The looping architecture of RNN allow them to predict the time-series as well
as to memorize prior information while yielding output [63]. Thus, RNN model can
have memory and use prior information that will influence its value in future prediction.
The feedback cycles inside the network keep the model up-to-date or help to remember
information for future. It is one of the furthermost used ANN approach that has the
ability to forecast time-series in energy systems [35]. As the model can memorize every
information through time, it is an effective and efficient approach for solar or wind power
like time-series data prediction [36]. Figure 10 shows the basic structure of an RNN unit,
where the block ‘A’ captures input pattern xt, and delivers a hidden pattern ht as well as a
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final forecast value yt. The arrow pointing in the block ‘A’ indicates that the information
inside the block is recursively used. Once unfolded the structure, it looks like a chain of
networks, as illustrated in Figure 10 [118].

Like other approaches, the implementation of RNN model involves of three consec-
utive phases, i.e., training, validation and testing. The hidden layer shows the strength
of the network and controls time steps going forward from the input time-series to esti-
mated outputs [63]. To illustrate the function of the RNN unit at time step t, let consider,
x [x1, x2, . . . , xt] be the input time-series, ht be the hidden state and yt be the estimated
output. The workflow of the network from input to output is represented by the following
ways:

(i) The hidden state is expressed as follows:

ht = f (ht−1, xt) (6)

And the recurrent hidden state ht is updated by modifying input xt by a weight matrix
Wxh (input to hidden state matrix) added to the product of earlier state ht−1 and the
weight Whh (hidden to hidden layer weight). The sum of the weighted values is then
activated by the transfer function f , as follows:

ht = f (Whh · ht−1 + Wxh · xt) (7)

(ii) The output yt is computed by modifying the hidden state ht by the hidden-to-output
weight Why, as follows:

yt = f (Why · ht) (8)

(iii) The measured output is compared to the target in order to generate error deltas and
then feedback it to update the weights in all layers until a tolerable value is reached.

Figure 10. Basic illustration of recurrent-neural network (RNN).

4.3.4. LSTM Models

It is difficult to predict time-consuming data dependencies in large volume of time-
series input using RNN model and hence, the “long short-term memory” (LSTM) model [118]
is designed to overcome this limitation. The LSTM model is the update form of RNN that
can be used to capture time-series dependency in prediction applications [119]. The most
significant feature of LSTM technique is that it can memorize info passed through the
networks during long time. Though the model is capable of learning long-term data
dependencies, it establishes the success in renewable energy forecasting purposes [120].
Generally, the LSTM prediction approach involves three stages of processing, such as
(i) feeding and preprocessing the input time-series, (ii) self-updating estimated record, and
(iii) training the model using learning algorithm. This approach combines the convolution
procedure over the memorized output and the input sequence. The prediction output is an
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association of the prior information. The simple RNN and LSTM architectures are almost
alike, the only alteration is in the activation layer. A single activation layer exists in each
cell of the RNN, whereas a set of activation layers involves in the LSTM (see Figure 11). In
LSTM network, the memory cell (C) is allied with transfer functions (sigmoid or tanh) in
order to regulate the info going to the cells and decide whether to add or eliminate that
info to or from the cell space [121]. This linked memory unit is so-called “constant-error-
carousel” (CEC) linear unit whose stimulus is the cell state. The LSTM block together with
a multiplier and an activation layer is known as a gate; whose activated output is bounded
between 0 and 1, and this value is multiplied by the original data. The gate will allow to
pass the data while the output value will be 1. Three types of gates are operated in the
LSTM model [122]. These include

(i) Forget gate that decides whether the data will be retained or not;
(ii) Input gate that activates the feeding data from previous block; and
(iii) Output gate that chooses what forecast value will be the output to the following

memory block.

From Figure 11b, it is seen that two input patterns are required to train the model,
such as the present time-series input, Xt and the earlier hidden state, Ht−1, and the cell
provides the present output of Ht. C is the memory cell content and the important fact
in the block is that it allows the information to travel along the entire chain with some
minor linear interactions, i.e., no change on the cell state to hold the integrity of the data in
the future [123]. The output Ht is calculated by the activation of cell state with the logical
operation and nonlinear transformation of input. The equations that represent input-output
association in the LSTM model are expressed as follows [124]:

Ft = σ(XtWx f + Ht−1Wh f + b f ) (9)

It = σ(XtWxi + Ht−1Whi + bi) (10)

C̃t = tanh(XtWxc + Ht−1Whc + bc) (11)

Ot = σ(XtWxo + Ht−1Who + bo) (12)

Ct = Ft ∗ Ct−1 + It ∗ C̃t (13)

Ht = Ot ∗ tanh(Ct) (14)

where Ft, It and Ot are forget, input, and output gate, respectively. Wx f , Wxi, Wxc, Wxo,
Wh f , Whi, Whc and Who are weight matrices, and b f , bi, bc and bo are bias values. For the
standard practice of learning in neural network, these values are adjusted and updated by
the uniform distribution with back-propagation procedure. The output in sigmoid (σ) layer
is bounded by a value between 0 and 1, which actually controls the flow of information.
The tanh layer provides a vector of C̃t which is added to the prior state and this info goes
to another tanh layer and is multiplied by the sigmoid activation to obtain the output Ht.
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(a) A standard RNN cell

(b) A long-short-term memory (LSTM) memory cell

Figure 11. Network architectures for forecasting a time series with a data-driven approach.

4.4. Learning Algorithms

The back-propagation (BP) algorithm is a popular learning procedure used in ANN
training. It provides the nonlinear associations between time-series inputs and predicted
outputs [64]. For the proper training of the model, the BP algorithm involves a preferred
output of input pattern, known as a target, and hence, this method is called the supervised
learning [125]. In the ANN training, the output taken from the output layer is compared
with the target, and the difference between them is computed as error. This error is then
reduced in an acceptable level and the weights are updated repeated until getting the
satisfactory prediction results. The training of ANN based prediction model by BP learning
procedure is described by the following two phases:

1. Propagation phase includes the two passes, the forward pass and the backward pass.

(a) In forward propagation, the input-time series goes from input layer to output
layer in the network and compute the output value.

(b) In backward propagation, the output taken from the output layer compares
with the target in order to generate the deltas or associated errors of all neurons
in output layer and then hidden layers.

2. In weight updating phase, all the weights in hidden-to-output and input-to-hidden
layers are updated in the following ways:

(a) Multiplying the output delta and input stimulus to obtain the gradient of the
weight factors.

(b) Adding the ratio of the gradient to the previous weights to reach the new
weight values.

The overall BP training algorithm is summarized in Figure 12. The stopping criteria
of the algorithm is checked at the end of each epoch and the iteration process will be
terminated, either when the error at the end of an epoch will be felt below a threshold or
when the maximum number of epochs will be reached [126]. It typically takes hundreds or
thousands of epochs for a neural network to converge. Different updates of BP algorithms
used in Matlab programing are given in Table 3; they used in training different networks
with different datasets and have their own benefits and limitations [59].
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Figure 12. Back-propagation training algorithm.

Table 3. Back-propagation (BP) training methods and corresponding Matlab functions.

BP Algorithms Functions Used in Matlab

Gradient-descent traingd
Gradient-descent with momentum traingdm
Gradient-descent with adaptive learning rate traingda
Gradient-descent with variable learning rate traingdx
Scaled-conjugate-gradient trainscg
Resilient-Backpropagation trainrp
Levenberg-Marquardt trainlm
Fletcher-Powell conjugate-gradient traincgf
Polak-Ribiere conjugate-gradient traincgp
Conjugate-gradient with Powell/Beale Restarts traincgb
Bayesian-regularization trainbr
BFGS quasi-Newton tarinbfg
Random-order incremental training with learning functions trainr
Batch training with weight and bias learningrules trainb
One step secant trainoss

4.4.1. Activation Functions

The activation functions, also known as transfer functions, are used to activate the
neurons in neural networks (see Figure 13) that provide the non-linear transformation of
the input time-series. It increases the expression ability of the ANN model and makes
the network capable to learn and compute more complex tasks, and provide accurate
predictions [127]. The neural network would be a linear regression model without using
the activation functions. The derivative of a transfer function, known as a gradient, is
tremendously important for training the neural network. Common activation functions
used in different neural network structures include sigmoid or logistic (σ), “hyperbolic-
tangent” (tanh), “rectified-linear-unit” (ReLu) and softplus (see Figure 14).

1. Sigmoid Function. The most common non-linear transfer function is the sigmoid/
logistic function which is real-valued, monotonic, and differentiable. It has a positive
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value first derivative. The output of this function is bounded between 0 and 1, and
widely used in deep neural networks. It is expressed by the following equation:

y = f (x) =
1

1 + e−x (15)

2. Hyperbolic-Tangent Function. The hyperbolic-tangent (tanh) function is an update
version of the logistic function, which output is limited from −1 to +1. The graph of
this function is a symmetric in nature as well as it conveys nonlinearity feature to the
network. The equation of (tanh) function is as follows:

y = f (x) = tanh(x) =
ex − e−x

ex + e−x (16)

3. Rectified Linear Unit Function. This ReLU function is defined as the positive part of its
argument in the ANNs. While ReLU function appearances alike to linear function, it
has a derivative function and permits for backpropagation procedure. Compared with
the sigmoid and tanh functions, the ReLU function allows the network to converge
very quickly. The equation of this function is defined as:

y = f (x) = x+ = max(0, x) (17)

Recently, it is a common activation function used in deep learning. Different types
of ReLU functions are available, such as Leaky ReLU, Noisy ReLU, and exponential-
linear-unit (ELU) function.

4. Softplus Function. The softplus function is similar to ReLu function. The difference is
that this function has small reservations about values less than 0. The formula of this
function is defined as:

y = f (x) = ln(1 + ex) (18)

The derivative of softplus is f ′(x) = 1
1+e−x , which is the equation of the sigmoid

function.

Figure 13. Applying activation function to activate neurons in ANN.
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(a) Sigmoid vs. Tanh (b) ReLU vs. Softplus

Figure 14. The graphs of four common activation functions: sigmoid, tanh, ReLU and softplus.

4.4.2. Prediction Evaluation Metrics

During the training session, the error between the actual output and the target is
calculated and then the weights in all layers are being updated until the error reaches
an acceptable level [128]. The back-propagation algorithm uses several cost functions
as the evaluation metrics in forecasting accuracy through correlation and error analysis
between the target and estimated value [36]. The principal uncertainty indices used to
assess the performance of the network models include “root-mean-square-error” (RMSE)
or “coefficient-variation-root-mean-square-error” (CV-RMSE), “mean-bias-error” (MBE) or
“normalized-mean-bias-error” (NMBE), “mean-absolute-error” (MAE) or “mean-absolute-
percentage-error” (MAPE), and the “coefficient-of-determination” (R2) [129].

(i) RMSE and CV-RMSE are used to provide the error variability between the estimated
value (yk) and the measured value (xk), with the number of observations N, and
defined as follows:

RMSE =

√
∑N

k=1(yk − xk)
2

N
(19)

CV-RMSE =
RMSE

x̄
× 100% (20)

(ii) MBE represents the average error of sample space that indicates the overall behav-
ior of the predicted output with regards to the regression line of the sample. The
positive values indicate under-prediction, whereas the negative values indicates over-
prediction of the model. NMBE is a normalization of the MBE index that is used to
scale the results of MBE, providing the global difference between the real-value and
the predicted-value, which is defined as follows:

MBE =
1
N

N

∑
k=1

(yi − xk) (21)

NMBE =
MBE

x̄
× 100% (22)

(iii) MAE and MAPE are also the measures of the prediction performance, where MAE
is a measure of average error between the estimated values and the corresponding
observations, and MAPE is expressed the percentage of prediction accuracy [130],
as follows:

MAE =
1
N

N

∑
k=1
|(yk − xk)| (23)

MAPE =
1
N

N

∑
k=1

|(yk − xk)|
xk

× 100% (24)
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(iv) R2, known as coefficient of determination, is an uncertainty measure statistical metric
that is bounded between 0 and 1. The value tends to 1 represents that the estimated
values are closely related to the measured values. R2 is expressed as follows:

R2 = 1− ∑N
k=1(yk − xi)

2

∑N
k=1(yi − x̄)2 (25)

4.5. Other ANN Structures

Besides the common ANN models, there are some new structures such as a DCNN
(“deep-convolutional-neural network”), ELM (“extreme-learning machine”) and the GRU-
CNN hybrid model that can used in renewable energy prediction problems. These models
are subcategories of the deep learning structure. The hybrid model GRU-CNN combines
the “gated-recurrent-unit” (GRU) and the “convolutional-neural network” (CNN), in which
the GRU is applied to extract time-series feature and the CNN is used to extract other
high-dimensional feature data [131]. DCNN has the share-weight architecture and can
operate with minimum pre-processing on the translation of features. Generally, DCNN
includes of various alternating convolution and pooling layers that weight sharing is
usually utilized in convolution-layer to lessen the memory traces and amount of network
parameters. This also helps to simplify the back-propagation or feed-forward processes.
Pooling layer is instead more focused on input maps. It decreases the dimensions of data by
transforming the neuron batches at the input into an individual neuron in the output [132].
The other new structure which is widely used in REs’ prediction modes is an ELM. It
is a feed-forward ANN that hidden layers’ parameters such as weights and biases, are
randomly produced. This will help to feature extraction in RE‘s prediction [133].

5. Discussion and Future Directions

According to the literature, ANNs are suitable for complex datasets and showing
good predictive ability. It is becoming more popular approach comparing to the conven-
tional forecasting techniques, such as time-series and regression in case of reliability and
efficiency. Several conventional works utilized weather prediction models along with the
physical models as an input. These models using the physical variables in addition to
the climatological variables to provide the optimal model for producing energy close to
reality. Literature showed that ANN is the famous strategy that most of the researchers
tried to use for accurate prediction of renewable energy generation [134] and the models
have a correlation coefficient of more than 80% as well as improving day by day [76]. The
forecasting accuracy of the model depends on various factors, such as input dataset, the
number of hidden layer and their neurons, and the learning procedure.

The network is trained by Backpropagation algorithm, especially with the Levenberg-
Marquardt algorithm, for minimizing output errors and achieving higher correlation
coefficient that improves prediction results. The study recommends that the linear transfer
function is set to the output layer while the log sigmoid and hyperbolic tangent functions
are tried in the hidden layer. Though the number of hidden layers and neurons are chosen
by trial and errors approach, they are subjected to the input and output layers, the nature
of sample datasets and the activation function as well as learning procedures. Different
combinations of the hidden layers and functions are tested to find the best predicted results.
The study suggested that the neurons in hidden layers should be between the number
of input and output neurons and less than twice of input neurons, in order to eliminate
overfitting, with a particular training function. Hence, the best combination is selected,
and the prejudiced forecast is defined to either over-forecast (the predicted value is more
than the actual), or under-forecast (the predicted value is less than the actual). To improve
the prediction accuracy, the bias is properly initiated, and the output error is adjusted
by increasing it (in the case of under-forecast), or by decreasing it (in the case of over-
forecast). The performance of model is represented by the comparison of the RMSE or R2
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for different techniques, error histogram for training and validation, and the comparison of
the predicted power with the actual power using test database.

The inputs served to the model are average-valued energy data, such as solar irradia-
tion, temperature, wind speed, pressure, etc. The ANN model is employed to estimate the
daily, weekly, monthly and yearly mean parameters. The most engaged parameters for
energy prediction in renewable energy system include

(i) global irradiance, sun elevation, sun azimuth angle, and temperature for solar energy;
(ii) wind speed/direction, air pressure, and temperature for wind energy; and
(iii) rain amount, temperature, and water pressure for hydropower generation.

The datasets used in the prediction model are divided for training and testing. The
data should be normalized first, and at the output, the final results must be de-normalized
to get the predicted values. The training dataset is then divided into training and validation
datasets. At the training phase, the ANN model uses training dataset to find the finest
model parameters and the validation dataset is used for fine-tuning the model constraints
to avoid over-fitting. The effective technique for validating the prediction model is the
cross-validation process. Finally, the unknown testing dataset is used to evaluate the
prediction skills of the trained model.

The tendency of the application of ANN in renewable energy prediction is going
towards the new types of ANN such as CNN and RNN. This can improve the model
structures, forecasting output, and optimization in the required data [135]. The utilization
of new types of ANNs in RE prediction is inclined to compare other AI-based-predictive
models because of better accuracy, ease of utilization, less required data, and better perfor-
mance. From the works analyzed, MLP obtains better results than with the linear methods,
but with linear time-series data it could outperform traditional linear methods. In that case,
the CNN and LSTM approaches are much more promising and these methods beat the
MLP approaches in the same experiments with the remarkable performance improvements.
Another consideration point is to use standard error measurements, such as RMSE and R2
might be a better choice than MAPE or MAE to express the results.

5.1. Ease of using ANN-based RE Prediction Models

The following points highlight the benefits of using ANN-based models in HRES for
energy predication:

(i) Adaptive learning: ANNs can be trained to model the desired renewable outputs
with complex non-linear and non-stationary data.

(ii) Real-time operation: ANNs be implemented and programmed to work fast to carry
out real-time processes.

(iii) Easy of implementation: ANN models can be easily implemented and integrated
most of the systems such as embedded systems, etc.

(iv) Accurate forecasting: Utilizing the ANNs has brought accurate results when they are
used to predict renewable energies outputs with higher correlation coefficients.

5.2. Challenges of Using ANN-Based RE Prediction Models

Besides the advantages of using ANN-based prediction models in renewable energy
system, the following challenges are taken to be considered:

(i) Theoretical issue: To utilize the ANN-based prediction models in renewable energy
generation, it is needed to figure out the complexity of forecasting samples. Besides,
it is required to find out the number of training samples and computing resources to
train the model.

(ii) Model issues: Although ANN-based models are making the training of time-series
RE data efficiently, the selection of proper network structure and learning algorithm
to forecast output for the specific dataset is very challenging.
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(iii) Optimization challenge: ANN models commonly need proper biases and initial
weights selection. So, it faces difficulties to optimize the model coefficient due to
low-quality RE data.

(iv) Lack of experts: Absence of specialists with experience in these energy sources areas,
in parallel with knowledge in data science and machine-learning methods. Moreover,
Lack of knowledge about advanced technology in the recent RE systems is another
challenge that we have already faced.

5.3. Future Works Directions

Future directions of the study could be employed the following research advancements
in RE systems:

(i) ANN model of renewable energy data are varied in distinctive seasons and climatic
conditions. Hence, the forecasting model is diverse in different situations. Datasets
that are used in different researches are varied from each other, accordingly, evaluation
of different prediction models is so hard. Therefore, a unified prediction model for
renewable energy sources in different seasonal and climate changes is required for
future works.

(ii) Supplementary algorithms can be used in different layers of ANN model to enhance
the performance of system. These algorithms can be used in any single weightege or
entire structural configuration of the ANN. This can help on the performance improve-
ment or data optimization in ANN application. As such, utilization of supplemental
algorithms in ANN models could be beneficial for forecasting RE generation.

(iii) New developments of AI in prediction tools could be employed to improve the
time-series forecasting values. The most recommended ML techniques, such as “bi-
directional long short-term memory” (BLSTM), “deep-neural-network”, “extreme-
machine-learning”, etc. to be employed in the energy system. Also, introducing
Internet of Things (IoT) tools with AI could be an amazing trend in HRES research.

6. Conclusions

Artificial intelligence has the ability to handle the uncertainty and complex data. As
the renewable energy resources show the uncertain behavior in nature, the objective of
this study is to present machine learning approaches for predicting time-series data in
energy generation applications. Solar, wind and hydro power are the promising renewable
sources that have been successfully experienced in the recent years. The major challenges
in renewable energy system are the unpredictability and irregularity of power generation
due to meteorological conditions and environmental factors, such as solar irradiation, wind
speed and direction, cloud cover, time (day-night), etc. Thus, the accurate estimation of
renewable energy generation is still crucial in hybrid renewable energy system. There
are several classes of prediction methods applied in renewable energy systems, such as
statistical analysis, regression algorithms, non-linear algorithms, machine learning models,
etc. The most amazing machine learning systems include the neural network methods that
have the capability to learn and memorize knowledge, build associations among non-linear
data, and approximate future values with good accuracy. This study gives attention to
the research methodology of machine learning systems that have been applied in the
different phases of hybrid energy systems. Most of the research works in energy systems
have been done for power generation forecasting, demand prediction, load forecasting,
time series forecasting, optimization, energy consumption prediction, energy control and
management, etc.

The advancements in machine learning approaches for energy generation forecast-
ing have been identified three popular ANN architectures, such as the traditional neu-
ral network or “multi-layer-perceptron” (MLP), “recurrent-neural network” (RNN) and
“convolutional-neural network” (CNN). The MLP model has a significant dependency fea-
ture in the future value estimation and offers the improvement in prediction accuracy over
linear models. The RNN and CNN models have new experienced with a great potential
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in learning the complex time-series in renewable energy systems. These deep learning
methods are capable of training large datasets and provide better results than traditional
machine learning techniques. The development of the prediction model involves three
phases, such as network design, training or learning the network as well as testing and
performance evaluation. Most of the studies showed that the back-propagation procedure
is a powerful supervised learning algorithm to train the ANN model and build a rela-
tionship between continuous-valued inputs and outputs. This study has demonstrated
the promising strength of different ANN models in energy systems; future works will be
employed to implement an intelligent management system for renewable energy resources
using hybrid machine learning methods and the internet of thing (IoT) protocols.
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