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Abstract: As non-renewable energy sources are in the verge of exhaustion, the entire world turns
towards renewable sources to fill its energy demand. In the near future, solar energy will be a
major contributor of renewable energy, but the integration of unreliable solar energy sources directly
into the grid makes the existing system complex. To reduce the complexity, a microgrid system
is a better solution. Solar energy forecasting models improve the reliability of the solar plant in
microgrid operations. Uncertainty in solar energy prediction is the challenge in generating reliable
energy. Employing, understanding, training, and evaluating several forecasting models with available
meteorological data will ensure the selection of an appropriate forecast model for any particular
location. New strategies and approaches emerge day by day to increase the model accuracy, with an
ultimate objective of minimizing uncertainty in forecasting. Conventional methods include a lot of
differential mathematical calculations. Large data availability at solar stations make use of various
Artificial Intelligence (AI) techniques for computing, forecasting, and predicting solar radiation
energy. The recent evolution of ensemble and hybrid models predicts solar radiation accurately
compared to all the models. This paper reviews various models in solar irradiance and power
estimation which are tabulated by classification types mentioned.

Keywords: solar energy; forecast; time series models; hybrid model; ensemble learning; Al techniques

1. Introduction

The abundant availability of different forms of renewable energy and the latest re-
newable energy-harvesting technological improvement look attractive for world energy
producers [1]. In addition, due to mass production of renewable energy components,
the per unit cost of renewable energy products has come down drastically. Government
policies encourage energy producers to generate more energy from renewable energy. India
has committed to the "‘Mission 500 GW plan that sets a target of expanding the scope of
renewable energy capacity to 500 GW by 2030. Solar and wind provide major contributions
of renewable energy out of which solar PV-based power generation is a widely preferred
option due to easy transportation, maintenance, and availability, etc. [2]. Photovoltaic and
renewable energy capacity additions in GWs are illustrated in Figures 1 and 2, respectively.

In solar power generation, the other option of solar thermal systems has been getting
attraction in recent years. A concentrated solar power system can have high power genera-
tion capacity and can store thermal energy easily [3]. The high initial cost limitation, i.e.,
the requirement of both solar and steam plants that limits the advantage of thermal energy
storage technologies in CSP even though they have better performance in integrating with
the grid, is a drawback for both types of systems. The photovoltaic system reduces cost in
the current market as it favors photovoltaic installations.
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PV capacity additions in GW
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Figure 1. Photovoltaic capacity additions in GW.
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Figure 2. Renewable energy capacity additions in GW.

Many PV investors and producers are participating directly in electricity markets,
minimizing financial penalties for any imbalance between generation, production, and
supply. These problems are quite common in renewable energy source integration into the
grid, i.e., because of stand-alone and grid-connected systems [4]. At any particular time,
the generated electricity should be balanced with load usage. The plant should be designed
such that it should handle changes, disturbances in the load, and faults in the power system
grid, and it should provide continuous electricity to the customers. An accurate solar
radiation forecasting method is required to control the losses and voltage sags and improve
the reliable transmission of electricity. Accurate forecasts of the power output of PV plants
maintain the economical and secure operation of the power system. They are also used
for estimating the storage reserves, trading, scheduling power management, and reducing
electricity production costs.

The persistence model forecasts solar energy based on previous solar radiation. The
physical approach deals with data from weather stations and satellites that include nu-
merical weather prediction (NWP), or satellite images to obtain solar forecasts. Time
series-based forecasting models are statistical models that have been used for solar energy
estimation [5]. There are two basic time series models: the Autoregressive (AR) model and
the Moving Average (MA) model. The combination of these two yields several models
such as Autoregressive Moving Average (ARMA); the Autoregressive Integrated Moving
Average (ARIMA) model; the Autoregressive Fractionally Integrated Moving Average
(ARFIMA) model, i.e., a generalization of ARMA and ARIMA models; the the Seasonal
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Autoregressive Integrated Moving Average (SARIMA) model, a variation of ARIMA used
for seasonal time series forecasting; Vector Auto-Regressive (VAR); Vector Auto-Regressive
with exogenous inputs (VARX); Autoregressive Moving Average with exogenous inputs
(ARMAX); and the coupled autoregressive and dynamical system (CARDS). The models
that do not include a lot of mathematical calculations and take less time to predict the
forecasted output are Artificial Intelligence (AI) models, sometimes named soft computing
techniques. They include different methods such as machine learning (ML) algorithms,
deep learning (DL) models, genetic algorithms (GA), fuzzy logic (FL), probabilistic models,
Markov chains (MC), etc., to develop solar energy forecasters. These Al models are further
divided into machine learning models, deep learning models, probabilistic models, and
special artificial intelligence models in this paper.

The artificial neural network is a powerful forecasting tool for nonlinear analysis of
data, and this model uses data as inputs to obtain the corresponding solar energy forecasted
output. Machine learning algorithms require less data compared to deep learning and
less time to compute. The accuracy of ANN drops with larger time horizons. The persis-
tence models, time series-based models, and artificial intelligence models use statistical
calculations and are taken under a common classification as statistical models. Statistical
approaches use the stored data to train a model, compare the predicted values with the
actual values, and predict the output through minimization of error. The solar direct normal
irradiance, the diffuse irradiance, and the ground reflected irradiance sum up the total
incoming solar irradiance. The individual percentage of these irradiances depends on
factors such as climate, location, and other atmospheric conditions [6].

The main objective of this paper is to review the impact of different irradiance fore-
casting techniques for solar energy prediction. In this article, the survey is carried in the
following aspects:

¢  This review work intends to give a clear and detailed understanding of different
forecasting models used for solar radiation prediction and forecasting.

e [t drafts a systematic understanding of the selection and application scopes of the
various forecasting models. The forecasting models are classified into eight categories.

®  The tabular literature summaries were made, which will provide a synopsis of the
overall features of most of the significant research work developed in solar forecasting
models. It also elaborates on details of various feature reduction techniques.

*  The physical models, time series models, machine learning models, deep learning
models, special artificial intelligence models, probabilistic models and hybrid and
ensemble models, including the basic reference model, i.e., the persistence model, are
the eight models explored in our discussion.

2. Classification of Forecasting Methods

There are no constant classification criteria for solar forecasting. Researchers group PV
power forecasting methods through different perspectives such as forecast scale, historical
data, time horizon, location, and some other weather data. Based on the application,
i.e., different aspects of grid operation, the major forecast classification is based on the
time horizon. Depending on the spatial area, forecasting can be further labeled into local
forecasts and regional forecasts. Considering the balance between supply and demand,
regional forecasts are more preferred for plant and grid control operations.

2.1. Time Horizon

The time horizons are defined as the time interval to the times solar energy has to be
forecast from the present time. The clustering of time horizons [7] decides the applications
where solar energy has to be used. The time duration decides the model that best suits the
accurate PV power forecast. Before the selection of the model, a proper time horizon should
be selected to obtain a forecast with acceptable accuracy. Solar forecasting is classified
based on time horizon as immediate forecasting in the period of a few seconds to 1 h ahead.
Short-term power forecasting are the time intervals carried out from 1 h to 48 h ahead.
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It helps in continuous monitoring of solar plants, variable load control in solar energy
markets, and in achieving unit commitment. Medium-term power forecasting ranges the
time interval of 2 days to 1 week ahead and is preferred for maintenance and scheduling
of PV power plants and its operations [8]. Long-term power forecasting takes the time
interval from 1 week to 1 or more years and is used to plan solar power plants.

2.2. Spatial Resolution

Spatial Resolution is the measurement of the smallest object in the ground area drawn
for the sensor or sensor’s instantaneous field of view. It is the linear dimension of the
earth represented by each pixel. Many aspects such as temperature, humidity, moisture,
etc., influence the area to be selected. Depending on the spatial region, the model used to
predict solar power is chosen. The estimation of solar energy can be performed either for a
single site or for a region [9]. Stand-alone or isolated systems distribute the power from the
source to that particular site. They never transfer power to the grid or take from it, whereas
in grid-connected systems, the power produced during peak periods is stored in a battery,
and the excess power is sent to the grid. In off-peak times, sufficient power from the grid is
taken to the site to meet its load

2.3. Forecast Theme

Theme of the forecast is important, whether the researchers are predicting solar
irradiance or PV plant power directly [9]. Predicting solar PV power directly predicts the
PV power output, and the former model estimates the output indirectly based on a plant’s
performance.

2.4. Weather Factors

Before forecasting solar power, a researcher should look into two major points [10].

1. Effect of primary weather elements determined from various PV analytical models
and their contributions to the solar power forecast.
2. Forecast of solar power ramping events caused by unexpected weather changes.

The classification survey of solar irradiance and power forecasting models is listed in
Table 1.

Table 1. Classification survey of solar irradiance and power forecasting models.

Reference

Title of the Paper Year Summary

S. Sreekumar et al. [11]

Solar power prediction models:
classification based on time horizon, 2018
input, output and application

Presents the classification of solar power forecast
models majorly by type of inputs

Priya Gupta et al. [12]

Presents the classification of solar power forecast
2021 models based on theme i.e., direct forecasting
and indirect forecasting

PV power forecasting based on
data-driven models: a review

J. Antonanzas et al. [13]

Presents the classification of solar power forecast

Review of photovoltaic power forecasting 2016 ~ models based on spatial region with single and

regional solar power forecasts.

Muhammad Naveed
Akhter et al. [7]

Review on forecasting of photovoltaic

Presents the classification of solar power forecast

power generation based on machine 2019 models based on time horizon of forecast.

learning and meta-heuristic techniques.

3. Survey on Solar Irradiance and Power Forecasting Models
3.1. Survey on Persistence Models

Rui Huang et al. [14] used a system advisor model (SAM) to analyze previously
generated solar data from solar anywhere. They performed their entire work in simulations
in the system identification toolbox, Matlab platform. The authors concluded that the
persistence model accurately predicts for very short-term solar power forecasting.
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Prado-Rujas [15] et al. carried out an analysis between simple persistence and smart
persistence models to predict solar irradiance. They verified these methods for 1, 11, 31,
and 61 min. The simple persistence dominates for 1 and 11 min, whereas for 31 and 61 min,
smart persistence works the best.

3.2. Survey on Physical Models

M.]. Mayer et al. [16] compared different physical models based on NWP data such as
9 separation, 10 transposition, 3 reflection, 5 cell temperature, 4 PV performance, 2 shading,
and 3 inverter models on 16 PV plants to predict solar irradiance for intraday and day-
ahead time horizons. The PHYSICAL reflection calculation, EVANS PV, beam shading
calculation, and CONSTANT inverter efficiency models perform well with the best RMSE
and MAE values.

Ozge et al. [17] compared various physical models such as 11 daily global solar radia-
tion decomposition models and 7 different cell temperature models. The results prove that
the CPRG model and the Skoplaki models perform better than other models respectively.

3.3. Survey on Time Series Models

Bismark Singh et al. [18] proposed an ARMA model with data taken from the Aus-
tralian site. In 14 h of daily data, the Augmented Dickey—Fuller test (ADF) and the Ljung-
Box test were used for each hour to test the stationarity and autocorrelation in the time
series. The ARMA model was compared with the smart-persistence model to estimate solar
radiance. The proposed ARMA model performs better than a smart-persistence model.

Rui Huang et al. [14] compared both the persistence and the ARMA model. For
short- and medium-term solar power estimation in the microgrid operation, the authors
dealt with reducing the error and suggested using the ARMA model rather than the
persistence model.

Mbaye et al. [19] used the Akaike information to determine the p and g value of AR
and MA models. The model uses the Box-Pierce test to analyze the error in the model, and
the order (29, 0) fits the data and is reliable to the model performance with the acceptable
white noise of 5%. The model was validated with metrics such as the RMSE = 0.629, the
correlation coefficient = 0.963, the MAE = 0.528, and the MBE = 0.012.

Mohamad As’ad et al. [20] suggested ARIMA as the best model to find the solar power
forecast up to seven days. One-year data from New South Wales, Australia, from June
2010 to May 2011 was considered for constructing a model. The results proved that the six
months data is used to predict solar power for one day, and three months data is used for
two or more than two days in a week.

IThami Colak et al. [21] proposed persistence, ARMA, and ARIMA models for one pe-
riod, two periods, and three periods ahead for solar radiation forecast. The Log-Likelihood
Function (LLF) tells whether the model fits the data or not. The accuracy of the ARMA (1, 2)
and ARIMA (2, 2, 2) models was obtained by the metrics MAE and MAPE. ARIMA (2, 2, 2)
gives the best results compared to the ARMA and persistence models.

Yanting Li et al. [22] evaluated five time series models such as ARMAX, ARIMA, single
moving average, double exponential smoothing, and Holte Winter’s additive models for
the one-day ahead forecasting of the mean daily output power of a 2.1 kW grid-connected
PV system. The exogenous inputs such as daily average temperature, precipitation amount,
insulation duration, and humidity were included in the ARMAX model for estimating
solar power. These models were compared with the metrics RMSE, MAD, and MAPE.
The results show the ARMAX model as the best with RMSE, MAD, and MAPE of 125.84,
98.61, and 82.69%, respectively, compared to the ARIMA (1, 1, 1) model. The authors also
concluded the ARMAX model performs better than the neural network model for one-day
head forecasting.
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3.4. Survey on Machine Learning Models

Guo et al. [23] used the K-nearest neighbor (KNN) algorithm and two robust fusion
algorithms. The authors used the KNN algorithm for the classification in the data and a
mean square positioning error of less than 5 cm was achieved as result.

Leva et al. [24] used the ANN algorithm to forecast solar radiation 24 h ahead on three
different days such as a sunny day, a partially cloudy day, and a cloudy day with one-year
data taken from Italy.

Muhammad Waseem et al. [25] compared extra trees (ET) and random forest (RF)
models with other popular machine learning algorithms for a PV system installed in Cardiff,
UK. The authors proved these models perform better than support vector regression (SVR).
The results show that the training and prediction time is less for the extra trees model
compared to the random forest model.

Feng et al. [26] used a support vector machine model to recognize patterns in the
first four hours of data to categorize a day in the forecasting stage for short-term solar
power forecasting.

Hashemi et al. [27] proposed a paper to calculate snow loss on a PV farm in Ontario,
Canada. The snow on the PV panel’s surface reduces solar energy generation. The authors
compared five machine learning algorithms such as gradient boosted tree (GBT), random
forest, regression tree (RT), recurrent artificial neural networks (RNN), and support vector
regression. The results prove that the gradient boosted tree performed best.

C. Pan, J. Tan [28] proposed a paper on the prediction of day-ahead hourly solar
power generation and divided the model into two parts: cluster analysis and an ensemble
model (EM). To cluster the data, the authors compared spectral clustering (SC), hierarchical
clustering (HC), and K-means clustering (KMC) models and the best method taken to
cluster the data. Silhouette and the Calinski-Harabasz index also provided help to set the
number of clusters to three. The authors concluded that spectral clustering and hierarchical
clustering perform better than K-means clustering.

Jiaying Zhang, Yingfan Zhang [29] proposed a paper to predict solar power with data
every 15 min from a China Electric Power Station. The density-based spatial clustering of
applications with noise (DBSCAN) algorithm was used to cluster data, and thereby the
bidirectional long short-term memory (Bi-LSTM) and conventional neural networks (CNN)-
gate recurrent unit (GRU) are used on clustered data to forecast solar power, respectively.
The authors concluded using the DBSCAN algorithm results in a prediction with a more
accurate solution.

Souhaila Chahboun and Mohamed Maarouf [30] proposed a machine learning model
to predict solar power. The authors removed unwanted features from the data and consid-
ered only six important features that vary 91% of the total variance. The machine learning
methods applied to the output data of principal component analysis (PCA) and Bayesian
regularized neural networks provided the best result.

Jiapeng Xiu et al. [31] combined principal components analysis and neural networks
to forecast PV power. The authors analyzed past data, and through PCA, they transformed
30 inputs into 5 major inputs. Finally, they applied a neural network to estimate solar
power to obtain an accurate prediction.

Shojaeighadikolaei et al. [32] proposed a study on the influence of day-ahead weather
prediction on weather-aware distributed energy management in microgrids. Reinforce-
ment learning (RL) is employed to improve the model’s accuracy. The outcomes show
that the suggested distributed energy management algorithm can effectively deal with
generation uncertainty.

3.5. Survey on Deep Learning Models

C.-J. Huang, P.-H. Kuo [33] presented a deep convolutional neural network model
(CNN) for short-term PV power forecasting. The authors used a real-time solar power
dataset from 2015. The model takes temperature, solar radiation, and PV system output
power for the previous five days, and the result is an estimate of PV power for the next 24 h.
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The authors compare the proposed model with SVM, RF, decision tree (DT), multi-layer
perceptron (MLP), and long short-term memory (LSTM) by the MAE and RMSE metrics.
The results prove that the proposed model outperforms the other approaches.

Ahmad Alzahrani et al. [34] proposed a deep learning neural network model to forecast
short-term solar irradiation. The authors took the data from a solar farm in Canada as input
to the model. The training data input samples included four different weather conditions:
few clouds, scattered clouds, overcast skies, and clear skies. This study compared the
forward neural network (FNN), SVM, and LSTM models. The LSTM approach had the
lowest RMSE and produced good outcomes. Among the other approaches, FNN had the
worst performance. The performance of the support vector machine was superior to that of
the FNN. The deep learning LSTM, on the other hand, outperformed the other approaches.

LIU et al. I [35] proposed a model using the backpropagation neural network (BPNN)
to estimate day-ahead PV power in northwestern China. The proposed model included
Al data as an extra input variable, leading to a significant reduction in average prediction
error on cloudy days while maintaining similar prediction accuracy on sunny days.

WEN et al. [36] proposed a radial basis neural network (RBNN) model treated as a
simplified MLP with only one hidden layer. The main differences between MLP and (radial
basis function) RBF neural networks are that the linkages between the input and hidden
layers in RBNN models are not weighted, and the activation functions on the nodes of the
hidden layer are totally symmetrical. The Gaussian, multiquadric, inverse quadric, and
polyharmonic spline functions are popular algorithms in RBNN networks. The parameters
of RBNN are synaptic weights in the output layer, centers, and spread of the activation
functions in the hidden layer. Although it is preferred to have the RBNN centers in each
point in the input space, clustering chooses only a fraction of all possible points.

H.J. Lu et al. [37] used a radial basis function neural network with a decoupling
method to estimate day-ahead PV power. The findings of the proposed paper compared the
ARIMA, the backpropagation neural network (BPNN), and the radial basis function neural
network (RBENN). Finally, they concluded that the proposed model accurately predicts PV
power compared to other models.

3.6. Survey on Special Artificial Intelligence Models

Ratshilengo et al. [38] used a genetic algorithm, a recurrent neural network, and K-
nearest neighbor models to predict high-frequency solar irradiance from January 2020 to
October 2020 data in South Africa. The genetic algorithm model predicted solar irradiance
to the best mark with an optimum RMSE of 35.50 kW /m? and MAE of 26.74%.

3.7. Survey on Hybrid and Ensemble Models

Ospina et al. [39] developed a unique hybrid wavelet-based LSTM-deep neural net-
work (DNN) forecasting model for predicting the PV power available in a PV system during
a medium to short forecasting period. The results prove the suggested model forecasts
the nonlinear response of solar power generation in a PV system and beat other examined
models in prediction accuracy.

G Li et al. [40] used the Limberg solar power dataset to develop a hybrid deep learning
model that uses artificial intelligence algorithms to predict solar power for short-term
horizons. In this case, the model uses CNN to extract essential PV power and weather
change features. By using past PV power data on the same date, LSTM generates a forecast
for the subsequent time. The authors compared persistence, BPNN, and RBFNN with
the hybrid algorithm. The simulation results show that the proposed method has low
estimation error.

Seyed Mohammad et al. [41] proposed a hybrid solar irradiance forecasting model with
a reinforcement approach. The authors used two different solar stations near Phoenix and
Los Angeles in the United States to develop the model. The deep Q learning reinforcement
learning technique decidespd the proper subsets of the combined deep optimized CNN
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models. The proposed deep RL-ensemble approach excelled at existing powerful standard
algorithms in diverse time-step horizons.

Bendali et al. [42] proposed a novel hybrid method that uses a genetic algorithm
to optimize the deep neural network for solar irradiance forecasting. The model uses
2016 to 2019 time series data of solar irradiance recorded from a Moroccan city. The
performance of the developed models was evaluated rigorously for different seasons,
including summer, autumn, winter, and spring. The GA-added deep learning models
improved their performance significantly. The LSTM-GA and GRU-GA performed well
compared to RNN-GA.

Tatiane et al. [43] used data of Algeciras, Spain and Petrolina, Brazil sites to develop
an ensemble model of MLP, RBE, SOM, and CFBP. The 4-day data was chosen randomly
from these sites to analyze the ensemble and individual models. The ensemble model
outperforms the remaining models by the metrics RMSE of 24.086 W/m? and R of 0.996 in
Spain and RMSE of 35.467 W/m? and R? of 0.988 in Brazil.

T. Ahmad et al. [44] proposed a K-nearest neighbor algorithm generalized linear re-
gression (LR) model and an ensemble model for forecasting solar power. The mean absolute
errors for the k-NN model in winter, spring, summer, and autumn are 1.62, 1.42, 1.19, and
1.29. This model predicts the best compared to the one-step-secant backpropagation neural
network, decision tree, and BFGS quasi-Newton backpropagation neural network models.

Jing Bi et al. [45] proposed an integrated forecasting system based on a new combi-
nation of the Savitzky—Golay filter, wavelet decomposition (SGW), and stochastic config-
uration networks (SCNs). In addition, the research shows the SG filter outperforms the
original, MA, and MM filter models with better prediction accuracy.

4. Statistical Metrics for Solar Power Forecasting
4.1. Pearson’s Correlation Coefficient (R?)

Pearson’s correlation coefficient [46] gives the similarity of two sets, i.e., test and
training set, through data visualization or some value-based percentage. It is indicated by

‘0’. The larger the ‘p’ is, the better the relation between the particular sets. In mathematics,
it is represented as

cov(p,
p = 2a) M
rYq
4.2. Root Mean Squared Error (RMSE)

RMSE compares two datasets with various scales. It gives error as output that went
through the forecasting period verified with the train and test data split. It is given as [47]

N
RMSE = || = Y (pk—qx)* 2
N k=0

where ‘g}” is the actual solar power generation at the kth time step; “py’ is the corresponding
solar power generation estimated by a forecasting model; and N is the number of points
estimated in the forecasting period.

RMSE is a function of three variables such as magnitude average error, number of
error samples, and error distribution, and it gives some inappropriate values. Since it is
taken root, it gives a small value, so large errors have some effect on the final result.

4.3. Normalized Root Mean Squared Error (NRMSE)

The normalized root mean square error (NRMSE) [9] compares the RMSE among the
complete range of the observed variables. NRMSE is the division of the RMSE to the total
variables observed. The mathematical expression is

NRMSE = RMSE )

Pohs,max - Pobs,min
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where ‘P,yg ynq” and “Pypg i are the maximum and minimum variables. The difference
between maximum and minimum gives a number of variables that are observed.

4.4. Maximum Absolute Error (MaxAE)

Absolute error is the deviation between the original and predicted values. The maxi-
mum absolute error gives the maximum deviation of it [46].

MaxAE = Max|py — qx| 4)

The MaxAE expresses the local difference of forecast errors. It is mainly used in
short-term PV power forecasting.

4.5. Mean Absolute Error (MAE)

MAE gives the value of the average of absolute errors taken from two sets (predicted
and original sets of data), i.e., by comparing every variable in a set and taking its deviation
and averaging the deviations. This metric is mainly used to generate an error in linear
regression analysis in machine learning algorithms [48].

1 N
MAE = = Y |pc — gl 5)
N3

4.6. Mean Absolute Percentage Error (MAPE)

It is the division of MAE by the demand or capacity. It is also indicated as an average
of absolute deviations of percentage errors [9].

N _
MAPE — ~ v [Pe—ail 6)
N /= Capacity
4.7. Mean Bias Error (MBE)

It is similar to mean absolute error. It gives the value of the average of many estima-
tions taken from deviations for each value in the two sets [48].

1
N

™=z

MBE = |pk — qx| 7)

k

1

4.8. Kolmogorov-Smirnov Test Integral (KSI)

It helps in calculating the model’s capacity and propagating statistical observed distri-
butions [46].

Xmax
KSI = / Dydx @®)
X

min

4.9. Confusion Matrix (CM)

It is a table drawn between actual values and estimated values with positive and
negative rates. In the table, the positive rate is denoted as one, and the negative rate
with zero. The positive rates are given by true positives and true negatives, while the
negative rates are false positives and false negatives. False-positive (FP) is a Type 1 error
and false-negative (FN) is a Type 2 error. The model, should try to minimize Type 1 and
Type 2 errors [49]. The confusion matrix in given in Table 2.
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Table 2. Confusion matrix.

Actual Values

T/F 1 0
1 TP FP
Predicted values
0 FN TN

4.10. Accuracy

Accuracy is one of the measures of natural performance. It is defined as the ratio of
the observations that are estimated correctly to overall observations. If the dataset is more
balanced, then the more the accuracy metric performs well [49].

TP+ TN

TP+TN+FP+FN ©)

Accuracy =

4.11. Precision

Precision is the ratio of positive observations that are assessed correctly of the total
number of positive observations [49].

.. TP
Precision = TP+ EP (10)

4.12. Recall

It is defined as the number of positive predicted values present in the total actual
positive values. It is also referred to as the true positive rate, and it is well known as
sensitivity. For achieving good performance through recall in the model, the FN value
should be low or reduced as much as possible [49].

TP

Recall - m (11)

4.13. Forecast Score

It is defined as the ratio of prediction efficiency of the proposed model forecast to the
prediction efficiency of the persistence forecast as given below [50].

4.13.1. Fﬂ Score

In some models, false positive and false negative are both important; then both
precision and recall should be considered, or an F; score or Fgis used.

If B =1, then it becomes F; score, and if § = 0.5, then it is an F = 0.5 score. We can also
select the  value as 0.5, 1, 2....

Fe — (1+ B?)(Precision x Recall) (12)
P~ " B2 x Precision + Recall

4.13.2. F; Score

Fy score is the harmonic mean of precision and recall. It takes recall and precision both
into account and finally gives the result.

2 x Precision x Recall

FS =
1ocore Precision + Recall

(13)

If FP and FN are both important, then select B = 1. Suppose the importance of FP is
higher than FN; then select 8 = 0.5, i.e., decrease the § value below 1. In the same manner,
increase B value for the vice versa model.
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5. Solar Irradiance and Power Forecasting Methodologies
5.1. Persistence Model

The persistence forecast model is used as the basic referral forecast method to compare
and evaluate the performance of other advanced forecasting measures. The persistence
method enables future data based on the past data with clear sky indices as a trivial
model [51]. This model predicts the best with a clear sky or no clouds time interval and
there obtains the change of error with solar irradiance. The accuracy of the persistence
model is disturbed by the change of cloudiness. The summary of the physical models along
with time-horizon-based results are shown in Table 3. The classification of the clear sky
forecast models are shown in Figure 3.

Table 3. Summary of Basic models.

Forecast

Reference  Year Model Location . Data Conclusion Analysis
Horizon
Orlando 2005 RMSE value of Features can be further
Yang . Orlando and C . 156.81 W/m?in Miami  added from specific to
2012  Persistence L 1 h ahead October, and Miami 5. . .
etal. [52] Miami, USA 160.61 W/m~ in tropical climates to
2004 December . .
Orlando improve forecasting.
. . Complex and costly to
Voyant 2012 Persistence Mediterranean, 1h ahead 6 years data Average HE{MSE 8 implement in real time
etal. [53] France 26.2% .
Gid connected systems
30, 60. 90 1 year, (1 January Low importance to the
Marquez 2013  Persistence Davis and and za(illc} ;g 6N];7neerr?£:r1 RMSE value of 6124 to oﬁiﬁggﬁfﬁﬁs
etal. [54] Merced, USA 120 min 107.47 W/m?
ahead 2011 to and to lag feature
31 January 2012) selection process.
Solis model
ASCE evapotranspiration model
European Solar Radiation Atlas (ESRA) model
Polynomial fit
Bird and Hulstrom model
Clear sky models

Molineaux model

Ineichen model

CPCR2 model

REST2 model

Kasten model

Figure 3. Classification of clear sky forecast models [55].
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5.1.1. Persistence Model 1

This model predicts the power y for all future times is the power y observed at the
time of the forecast.

Kip1 = Ki + Kg (14)

where K is the error due to irradiance.
Persistence model 1 is a benchmark more suited to short-term forecasts.

5.1.2. Persistence Model 2

This model states the power forecast for a given time is the power observed the day
before at the same time.

Kt+1 =K+ KE —24h (15)

Persistence 2 model is a benchmark model for day-ahead forecasts.

The error increases with fast changes in solar irradiance. Estimation of the measured
irradiance and the clear sky irradiance clusters the various persistence models. Since it
forecasts through clear sky data, this model takes some time to display the energy that
is predicted.

5.1.3. Smart Persistence Model

This model predicts based on previous values, and it includes some modifications to
the persistence model. This model adds the calculated change of radiation based on clear
sky irradiance. In this case, the data has to be standardized.

e+ = (o) + o as)

5.2. Physical Model

Satellite imagery (SM) models are preferred to forecast the high spatial resolution
cloudiness [56]. These models depend on locating the cloud’s position. The cloud cover
and optical depth decide the satellite model performance. The classification of the satellite-
based forecast models are shown in Figure 4. These models are used to forecast radiance up
to 6 h ahead. The physical satellite models depend on atmospheric component interaction
modeled by a radiative transfer model (RTM), and statistical satellite models depend on the
regression between the pyrometer-based solar irradiance at ground level and simultaneous
digital counts provided by satellite-based instruments [57].

Gautier-Diak-Masse model

Physical satellite models

Moser-Raschke model

Dedieu-Deschamps-Kerr model ]
Marullo-Dalu-Viola model I

Satellite Models

Hay-Hanson model

Tarpley & Justus-Paris-Tarpley models y
Statistical satellite models I

Perez Operational model

Cano-HELIOSAT model

Figure 4. Classification of satellite-based forecasting models [8].



Energies 2022, 15, 6267 13 of 39

Sky image (SI) models [58,59] are different from NWP and satellite models and are
helpful in intra-hour solar forecasting. The physical models concerning sky images include
cloud motion, cloud detection, and cloud classification. The solar radiance reaches the
Earth'’s surface through the atmosphere. Surface irradiance is highly sensitive to the clouds
rather than air matter, vapor, and aerosols. The sky images give the cloud features such
as brightness, size, shape, spectrum, and texture. The texture is a regional feature that
describes the spatial distribution of each pixel in an image. From another perspective, the
sky images alone perform the regional forecasts on different forecast horizons through a
single camera. The sky imager takes the sky image. There are mainly two components
in a sky imager camera and hemispherical mirror. A sunshade is required to shelter the
camera from the direct solar radiance. It is on top of the hemispherical mirror with the
support of the frame. Along with the sky imager, irradiance meters are in a PV power plant
to picture the sky image and measure the irradiance simultaneously. Some parts of the sky
image reduce the forecast’s accuracy by creating unwanted noise; so these parts should
be separated and terminated. The forecast models based on the NWP physical system are
clearly classified in Figure 5.

Global Forecast System Rapid Update Cycle (RUC)

Numerical Weather
Prediction Models

Weather Research and Forecasting
(WRF) model

Regional NWP models

North American Mesoscale (NAM)

\ model
High Resolution Rapid Refresh (HRRR)
model

Figure 5. Classification of forecasting models based on NWP physical system [55].

In numerical weather prediction models [60], numerical modeling of the atmosphere
serves as the basis. The NWP model is a mixture of calculus and important physical
relations of weather to vary the climatic conditions. In the NWP model, the physical
laws predict the cloud coverage and solar radiation depending on the basis. It helps in
forecasting the output up to 15 days in advance with more output time of prediction. The
adequate extraction of features from the raw NWP data requires time in this data mining
phase in addition to the choice of the statistical learning algorithm. The area and time
concerns limit the detection of all features of cloud images in NWP models and cannot
predict solar radiance for short time horizons. The metrical summary of various physical
models based on satellite, sky image, and NWP data are shown in Table 4.

Table 4. Summary of Physical models.

Reference  Year Model Location floru?cast Data Conclusion Analysis
orizon
Misclassified results
Yeom April 2011 to RMSE of affect the forecast
etal. [61] 2019 Kawamura Korea 1hahead December 2017 91.79 W/m? performance of solar
radiation
Garniwa RMSE of LSTM performs well than
etal. [62] 2021 Beyer Seoul, Korea 1h ahead 2018 year data 118.95 W /m?2 physical model
Garniwa RMSE of LSTM performs well than
etal. [62] 2021 Perez Seoul, Korea 1 h ahead 2018 year data 89.67 W/m? physical model
Pereira Evora and 57 8—%55\; /m? Increase in data can
2019 NWP Sines, 1 h ahead 2015 year data . ’ further improve forecast
etal. [63] based on sky
Portugal performance.

condition
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Table 4. Cont.

Reference  Year Model Location flon?caSt Data Conclusion Analysis
orizon
Based on the cloud
Mathiesen 2013 NWP USA lhtolday  Hourly GHI from the rMBE 17.8% and parameters, resolution
etal. [64] ahead SURFRAD network rMAE 25.4% and ramp rate, the result
can be further improved
Addition of new input
RMSE error of . .
Alfredo . 6to39h 362 days (2 June 2007 o parameters in the third
etal. [65] 2012 Nwp Spain ahead to 27 May 2008) 11.79% of rated module may increase

power output further performance

5.3. Time-Series-Based Forecast Models

The auto-regressive moving average model is a well-known practical tool to estimate
the future value of the stationary time series model. The auto regressive component predicts
the future based on the previous data. The auto-correlation factor is the metric used in the
AR method. The expression for the AR model (order m) is

m
Xi=c+ Y oeXip+er (17)
k=1
The moving average [66] component predicts the future based on the error or residual
in the past data. The partial auto-correlation factor is the metric used in the MA method.
The expression for the MA (order n) model is

n
Xe=p+ ) Ok +e (18)
k=1

The auto-regressive moving average (ARMA) is the sum of auto-regressive and mov-
ing average components. It estimates the future value based on the past data and residual
errors. The autoregressive moving average model can be expressed as

m

n
Xi=c+ ) oxXop+ ) Oy + e (19)
k=1 k=1
The drawback of the ARMA model is it does not perform for non-stationary data.
Below is an auto-regressive integrated moving average (ARIMA) model [51] to overcome
that limitation. ARIMA combines three parts: an AR part, an MA part, and an integrated
part (number of lagged differences (d) to reach stationary data from non-stationary data).

Vi = (1-L)X; (20)

m

n
1= Y L) (1= L)X = (1+ Y 6eLF)e (21)
k=1 k=1

The ARIMA model represents the form ARIMA (m, d, n). The drawback of the ARIMA

model is it cannot take informative variables such as temperature, humidity, precipitation,

etc. Including these variables leads to better accuracy. The auto-regressive moving average

with exogenous inputs (ARMAX) model can take exogenous inputs into account to estimate

solar output. A Hausman'’s test determines the ‘p” number of external inputs (order p)

to the model. The ARMAX model combines m AR terms, n MA terms, and p exogenous
inputs terms.

m n

P
Xe=c+ ) quXep+ Y e +er+ Y Sdii (22)
k=1 k=1 k=1
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where “X;’ is the estimated solar irradiance at a time (t), “X;_” is the past solar irradiance
data up to ‘k’ times, ‘@ ’is AR models coefficient, ‘0" is MA model coefficient, ‘m” is AR
model order, L indicates the lag operator, d is the number of non-seasonal differences, ‘n’ is
MA model order, ‘e;’ is the white noise. Mathematically, ARIMA (m, d, n) can be converted
to the ARMA (m, n) model when d = 0, the 4 order made the ARIMA a popular tool in time
series forecasting to estimate solar power. Mathematically, ARMA (m, n) can be converted
to the AR (m) model when n = 0 and to the MA (1) model when m = 0, Jy is the parameter
of the exogenous input. The computational summary of the time series models is shown in
Table 5. The operational analysis of ARMA and ARIMA models with stationary dataset is
described in Figure 6 by flowchart representation.

Table 5. Summary of time series models.

Forecast

Reference Year Model Location Horizon Data Conclusion Analysis
The use of Al models
Moreno-Munoz Auto . . 4 years data, e L
etal. [67] 2008 Regressive south Spain 5 min ahead (1994-1997). Best Fit : 65% enhance better prediction
performance.
. Coloane .
. Moving . 1 January 2011 to RMSE value of Analysis of cloud further
Y. Lietal. [68] 2014 average 115[1;2;1’ 1 day ahead 30 June 2012. 196.22 W/m? enhance the performance
RMSE Further forecast can be
Small village Upto36h improvement of H"?ilr)rr\(e)‘;eefizglfrilc(l) tﬁr
Bacher etal. [69] 2009 ARX ; & P 1 year data 35% in ARX .
in Denmark ahead model over naive models Analysis of cloud
redictor model further enhance the
P ’ performance
Coloane .
. . 1 January 2011 to RMSE value of Analysis of cloud further
Y. Lietal. [68] 2014 ARIMA 1?\1/?;(13f 1 day ahead 30 June 2012. 171.73 W/m?2 enhance the performance
Orlando 2005 RMSE valuez © f Features can be further
Orlando and October, and 29.73 W/m’in added from specific to
Yang et al. [52] 2012 ARIMA L 1 h ahead Lt Miami and . .
Miami, USA Miami 2004 32.80 W/m? in tropical climates to
December ’ Orlando improve forecasting.
Coloane .
. . 1 January 2011 to RMSE value of Analysis of cloud further
Y-Lietal [68] - 2014 ARMAX ‘?\lj‘;‘c‘isf 1 day ahead 30 June 2012. 12584 W/m2?  enhance the performance
Improvement of The algorithms like GA,
Ricardo etal. [70] 2015 VAR I)Evora, Six hours 1 February 2011 8% o 1.5% over PCA for fu.ture selection
ortugal ahead and 6 March 2013 AR model can achieve better
performance.
Improvement of Addition of Weather
Ricardoetal. [70] 2015 VARX Evora, Six hours 1 February 2011 10% to 5.5% over station and NWP .data
Portugal ahead and 6 March 2013 AR model enhance prediction
’ accuracy.
The results should be
Ines et al. [71] 2017 NARX North of Any time 1 year 2010 RMSE vaiue of compared with high solar
Barcelona 18.64% . .
radiation fluctuations.
The exogeneous variable
has to be changed to new
Piazzaetal. [72] 2016  NARX Palemo, 1h ahead 2002 to 2008 nRMSE value of parameter from
Silicy, Italy 6.1% .
temperature to increase
accuracy.
The use of exogenous
input increases the
Mediterranean, nRMSE ranges P'erformance.
Voyantetal. [73] 2014 ARMA France 24 h ahead 10 years data from 28.6 to Additionally, the deep
32.8% and machine learning

models can be applied to
improve the result.
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Figure 6. Flow chart for ARMA and ARIMA models.

Artificial Intelligence (Al is an interesting method to create machines that perform
functions with intelligent minds. Al has the capability of human thinking, activities such
as decision making, computing, and learning and can perform work with high speed and
efficiency. Most performance of the Al depends on the training data. The data processing
stage is an important part in developing Al models. An analysis of historical data is
required to forecast solar power. The inverter failure and the offset in the solar radiation
during the off-peak hours mislead the data of PV power radiance. In peak hours, there
is missing data because of failure in sensors such as temperature, humidity, etc. The
removal of the missing data in these time intervals is mandatory. The entire data should
be numerical to validate the input-output relationship, and this also reduces the time
of training [74]. Factors such as air mass, clouds, and other environmental variables
impact the solar radiation flow from the sun to the Earth’s surface depending on the
frequency of sunshine. Wavelet transformation helps the components of solar irradiance
corresponding to various time—frequency domains [75]. It is fundamental signal processing
that reduces noise in nonstationary series analysis through the wavelet decomposition and
wavelet reconstruction process [76]. The Savitzky—Golay (S-G) filter, known as least square
polynomial smoothing, is a data smoothing method. It can remove the noisy components
while retaining the original signal’s peak and width [77].

5.4. Machine Learning Models

Machine learning [78,79] is a branch of artificial intelligence (AI) and computer science
which focuses on the use of data and algorithms to imitate the way that humans learn,
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gradually improving its accuracy. Figures 7-9 show the approach to perform the machine
learning models with flow charts. Figures 10-13 discuss the pros and cons of machine
learning models.

o

i
3.

Selection the features
such as Temperature,
humidity etc.,
Handling missing data
Encoding categorical
variables

Collect Data from solar
database

I

!

Data preprocessing

l

Linear, Logistic, Polynomial, Random
Forezt. Decision Tree, K Nearest
Neighbors Support Vector machine,
Gradient Boost etc. Metrics like
RMSE. MBE, Co-relation coefficient,

Split the data into train
and test samples

1

Import Regressor /
Claszifier model & metrics

!

| Train and Test the model |

i

Evaluate the model

|

Optimum
Solution

e

Figure 7. Flow chart for supervised machine learning models.

Start

Collect Data from solar
database

Handling missing data. encoding
categorical variables etc.

1

Data preprocessing

Use Elbow / Dendrogram method
etc. based on cluster model

!

Find the optimal number
of clusters

i

etc.

K means. Hierarchical clustering

Import & Train or fit the
model to the data

}

Evaluate the model

|

Clusters the data

Rezult

Figure 8. Flow chart for clustering based unsupervised models.
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Collect Data from solar
database
Selection the features such as I
categorical variables etc. 1
| Train/Testsolit |
1
| Scale the input features |
Feature reduction models such as l'
Kemel PCA, LDA & PCA —'| Import & Fit the model I
!
Machine. Deep learning. Special Fit other model to
Alete. evaluate
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-

Figure 9. Flow chart for feature reduction based unsupervised models.

3
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Regression

Supervised |

Learning
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Figure 10. Pros. (Light Green) and Convs. (Light Red) of Supervised learning models [80].
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K-means clustering

Hierarcheal
clustering
DBSCAN

Principal

Component

Analysis

Figure 11. Pros. (Light Green) and Convs. (Light Red) of Unsupervised learning models [81].

Figure 12. Pros. (Light Green) and Convs. (Light Red) of Reinforcement learning models [78,82].

Semisupervised
Learning

Figure 13. Pros. (Light Green) and Convs. (Light Red) of Semi-supervised learning models [82].
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5.4.1. Supervised Learning

Supervised learning is a popular machine learning algorithm used for a dataset that
is already labeled. The algorithm is trained through the labeled data to map an input-
output relationship. Output can be either a numerical value or classification class. The
training data decide the algorithm based on the output that either is a classification or a
numerical value.

M=Y XY (23)

M=

i=1

where ‘N’ is the number of training samples, ‘X;’ is the multi-dimensional input vector,
and "Y;’ is the output response. The required work regression or classification decides the
algorithm to predict the output. Supervised learning algorithms such as linear regression,
multi-linear regression (MLR), logistic regression, K-nearest neighbor (KNN), support
vector machine (SVM), decision tree (DT), random forest (RF), extra trees, ensemble learning
machine (ELM), gradient boosting (GB), extreme gradient boosting (EGB), and adaptive
gradient boosting (AGB) are present. This paper presents some of the popularly used
algorithms. An artificial neural network (ANN) combines many processing elements
arranged in a sequence of randomly interconnected layers to form a data processing system
taken from the methodology involved in the brain’s cerebral cortex. The ANN learns
to adjust weights to obtain the accurate output and recalls the weighted adjustment to
provide the necessary information [83]. A linear regression model [84] is a frequently used
supervised algorithm to establish a linear relationship between two variables. This model
predicts output for both regression and classification. When the prediction depends on
only one predictor, it is simple regression. The multi-linear regression model uses two or
more variables to predict the desired value.

Y =mX+C (24)

where ‘Y’ is the output variable, and it depends on the input variable ‘X" with slope ‘m’. The
linear regression model is unable to predict nonlinear data. In such cases, the polynomial
regression (PR) model is suggested to estimate the nonlinear data. This model includes
a linear regression model and some other independent variables interaction to predict
the dependent variable output even from the nonlinearity in the data. The polynomial
regression is given by

Y =0+ X +60,X>+... +0,X" (25)

where ‘Y’ is the output variable, and it depends on the input variable ‘X" with slope
or weights 61,6, + ... + 0, 6p is the bias or constant term, and ‘n’ is the degree of the
polynomial. In addition, ‘n” determines the suitability for the nonlinear model. The logistic
regression (LoR) model is a statistical method based on probability theory mainly used to
classify the data. The sigmoid function estimates the probability. The activation function is
given by
1
) = 1

The input-output relationship is linear to the small data. The high-dimensional data
overfit the model. The predicted output depends on an assumption as linear input-output
relationship acts as a drawback to this model. The K-nearest neighbor model (KNN) [85] is
a non-parametric decision algorithm to classify or regress the data in a supervised machine
learning. This algorithm recognizes the patterns and works well to discriminate patterns in
data. The KNN algorithm works classifying the neighborhood points based on Euclidean
and Manhattan distance. The ‘K’ value decides the number of neighborhood points taken
into account to predict the classification of the data points. If K = 1, the closest neighbor
decides the output. If K = 5, the nearest five neighbors’ probabilities calculate the result.
The low ‘K’ value underfit and the high ‘K’ value overfit the model, so a proper ‘K’ value is
to be chosen to generalize the model. Generally, the ‘K’ value is taken as the square root of

(26)
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a number of samples present in the data. The factors such as K number, size of the training
set, and type of metric decide the performance of the K-nearest neighbor.

The decision tree algorithm [86] is a popular classification algorithm that follows the
divide-and-conquer strategy similar to a flowchart with each internal node divided into
nodes to reach the leaf node. The splitting of the nodes concludes with the leaf node as a
solution to the work. The decision node is a split node to divide the tree into branches to
reach the best possible result. The root node serves as the base node for the entire tree. The
metrics entropy, information gain, gain ratio, and Gini index verify the predicted answer
and make the decision tree predict the output accurately. Overgrowth of the tree leads to
complexity of the model. The pruning indicates the cutting of unwanted branches and
leaves to reduce the complexity and generalize the model. The chi-square test directs the
model to remove insignificant nodes in the tree. Many decision trees combine to form
an ensemble machine learning random forest model [87] to predict solutions to many
regression and classification tasks.

The classification and regression is by the majority in votes and average of values
of the prediction models, respectively. The overfitting is a drawback to the decision tree
model where the random forest overcomes it. Random forest models can provide accurate
results with adjustable changes in the model’s hyper parameters. The extra trees model
is extremely randomized decision trees based on score computation. In the decision tree,
different splitting rules are applied at each node, and the best split rule is chosen to increase
the training speed by making the induction process easy to obtain extra tree model. The
major difference between the random forest and extra trees is the selection of a threshold
for feature extraction for randomly sampled data. The other difference is no bagging in
the extra tree model because the entire dataset is being given to each decision tree to grow,
whereas in the random forest, only some random data are used. The changes in the extra
trees increase the calculation speed with increased bias and reduced variance compared
to other bagging methods. Cortes and Vapnik [88] introduced a support vector machine
(SVM) as a machine learning model to solve classification and regression tasks.

The SVM [89] is a popular tool to learn the model by training dataset and gives its
effort to generalize the model and predict the required information on new data. The
model chooses the finest hyper plane from the training data with +1 and —1 as labels
with maximum distance from the data points. The model decides the data points based
on the features as some data points are behind one label and others are under another
label. The name support vectors because the data points close to labels control the hyper
plane position.

The hyper plane equation is

wx+b=0 (27)

The model finalizes the solution after minimizing the following equation
. 1 2 n
mingpJ(w,b) = §||wH +c Zéivi[yi(w,<p(xi) +0b) >1-4}] (28)
i=1

where J; > 0, ‘w’ is the normal vector of the hyperplane or the weights to be updated to set
the orientation, ‘b’ is the offset of the hyper plane to the origin, ¢(x;) is the mapping from
input space to feature space, and J; are the slack variables that permit the non-separable case
by allowing misclassification of training instances. A boosting algorithm is an ensemble
model that combines different weak models to develop a model with high accuracy. The
first model’s output is input to the second model, the second model output to the third
model, and the process repeats to obtain the accurate value as a final result. The gradient
boosting algorithm [90] learns better than the boosting algorithm by optimizing the loss
function by creating a new model with a negative gradient directed to reduce the error in
the preceding model. The main drawback of the GBDT algorithm is overfitting the data.
To overcome this limitation, some regularization terms were added to the gradient boost
algorithm by Chen Tiangi and named as the extreme gradient boost algorithm [91].
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5.4.2. Unsupervised Learning

There should be sufficient knowledge in feature engineering to label data for large
datasets. Supervised learning performs the best with labeled data, and unsupervised
learning handles the unlabeled data. Unsupervised learning reduces the burden of labeling,
and for all tasks, labeled data is not available. The unsupervised algorithms use the raw
data as input and detect patterns in the input data to cluster it. These algorithms label the
data to feed the labeled data to supervised or semi-supervised learning to achieve good
performance in prediction models. Several research improvements in clustering algorithms,
principal component analysis (PCA), etc., made unsupervised learning possible in various
categorizing applications.

The K-means clustering algorithm [92] is a well-known unsupervised algorithm pro-
posed by MacQueen and rich in clustering the data. K-means clusters the dataset with
similarity to the same clusters and dissimilarity to different clusters. The iteration process
occurs in the K-means algorithm to find the optimum cluster centers. K-means makes every
effort to minimize the squared error difference between the data points and the cluster’s
mean in that cluster. The K-means algorithm quickly clusters the large datasets, but the
model limits the centroid computation result in local optimum points. The hierarchical
clustering is a well-known cluster method that builds a hierarchy of clusters by either
combining or dividing the sequence of clusters. There are two popular approaches as
agglomerative and divisive algorithms generate an optimum clustered solution in hierar-
chical clustering. Agglomerative clustering is a bottom-up clustered method that initiates a
model with data within singleton clusters and combines clusters in a row to develop a final
model with all data in a single cluster or sequence. The most common distance metrics
used in agglomerative clustering are single linkage, complete linkage, and average linkage.
The single linkage metric usage makes the agglomerative clustering the same as the nearest
neighbor clustering model. Divisive clustering is a top-down approach that usually splits
the input data into smaller sub classes and iterates until the sub classes split into singleton
datasets [93,94].

The DBSCAN algorithm decode clusters based on splitting the high density, medium
density, and sparse density data point regions by separate tags. The same cluster samples
are closely connected, and if the same category sample data points are high, then it is highly
dense; if not it becomes sparse. Two parameters ‘e’ and ‘minPts’ play a vital role in the
DBSCAN algorithm with one serving as a threshold to consider a data point as a neighbor
and the other giving the number of neighbors in the threshold radius respectively. A‘k’
distance graph helps in finding the ‘e’ radius value. These parameters decide the clusters
based on the local density of data points in an ‘e’ radius region. The minimum minPts to be
chosen in the DBSCAN algorithm is three. Mainly three data points are clustered, namely
the core point, border point, and the noise point within the ‘e’ radius based on minPts
number. The principal component analysis (PCA) [30] technique reduces the dimension
of multi-featured data by reducing the similarity by converting the samples of correlated
features into a new set of samples with uncorrelated features. The PCA [95] is a tool that
depicts the geometric properties and reduces similar features in the multivariate statistical
data to an unrelated single feature by using matrices.

5.4.3. Reinforcement Learning

Reinforcement learning [96] is one of the most popular algorithms in machine learning
that makes the object reach the target by rewards and punishments. The RL agent interacts
with the information in an uncertain, potentially complex environment and takes the
sequence of decisions to reach the objective. The RL model provides the balance between
exploitation and exploration. It is a benefit to the RL model compared to supervised models.

5.4.4. Semi-Supervised Learning

In every case, the complete labeled data are not available, and they price high to collect
the labeled dataset. Semi-supervised learning trains the model based on both labeled
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and unlabeled data. Many models train with the combination of labeled and unlabeled
data. Mostly unlabeled data are taken in large quantity compared to labeled data in these
models. The metrical summary of the machine learning algorithms such as supervised,
unsupervised, etc., for solar energy forecast is shown in Table 6.

Table 6. Summary of machine learning models.

Reference Year Model Location Forecast Horizon Data Conclusion
Aslam et al. [97] 2020 FFNN Seoul/Korea Hourly 2000 to 2017 RMSE of 109.11 W/m?2
Mohammadi Daily and _ o
et al. [95] 2015 SVM Bandar Abbas, Iran Monthiy ahead 1992-2005 MAPE = 3.2601-6.9996%
SANJARI . . Two year data _
etal. [99] 2017 ANN Australia 15-min ahead 2014 and 2015 CRPS score = 3.81
. 1 year (1 January
Marquez Davis and Merced, 30, 60, 90, and 120 RMSE value of 55 to
etal. [54] 2013 ANN USA minahead 201 ‘91 zl)anuary 80 W/m?
Torres et al. [100] 2019 SVR Oklahoma, USA 3 h ahead 1994 to 2007 MAE = 2225.2 KJ
Wang, ] Rilr;(tjl:;?oﬁot}?jy nRMSE varies from 6.96 to
etal. [101] 2018 GBDT Oregon, USA 1 day ahead 2015 and 2016 7.72% based on monthly
test data
years.
Torres et al. [100] 2019 XGB Oklahoma, USA 3 h ahead 1994 to 2007 MAE = 2190.9 KJ
Yap et al. [102] 2012 Linear regression Darwin, Australia 1 h ahead 2008 to 2010 RMSE of 6.72%
Benali et al. [103] 2019 Random Forest Odeillo, France hourly 3 years nRMS]i;) 2;3'65 o to
2 _ -
Liu et al. [104] 2020 SVM 80 sites in China Daily 1957-2017 R _.0'613 0'?33 for
different sites
I ”:f;‘lez[llg‘gr]ez 2016 EM model Malaga, Spain Hourly 20102013 rMABE = 15.2%
Afyon, Agri, Sinop, .
Basaran 2019 EM model and Hakkari in Hourly data 2012-2016 RMSE varlei from
etal. [106] 4.6-14.6%
Turkey
K-means and . MAPE 3.27% to 4.65%
Sun et al. [107] 2018 LSSVM Beijing, China Day ahead 2009-2015 from single to multi-step
. 26 months
Bae et al. [108] 2017 SVM RBF Daejeon, South 1h ahead (January 2012 to RMSE=
Korea Apri (49.26-62.57) W/m
pril 2014)

5.5. Deep Learning Models

The input data sometimes contain interconnections and combinations and are not
even in the proper structure. To handle datasets of this format through the previous models
is not possible. There, we introduce the applications of deep learning, a subset of machine
learning. Deep learning models differentiate from machine learning by having a lot of
hidden layers by their weights and biases with many activation functions to handle complex
datasets. Recent research developments such as long short-term memory, gate recurrent
unit, and their combinations proved that the deep learning models predict solar power with
accurate results. Figure 14 shows the approach to perform the machine learning models
through flowcharts. Figure 15 discusses the merits and demerits of deep learning models.
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Figure 14. Flow chart for deep learning models.
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Figure 15. Pros. (Light Green) and Convs. (Light Red) of deep learning models [109].

There are two methods of supervised and unsupervised learning in deep learning.
Mainly, three supervised and three unsupervised deep neural networks are discussed in
this study.

1. Deep multilayer perceptron.
2. Convolutional neural networks.
3.  Recurrent neural networks.
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4.  Auto encoder (AE).
5. Restricted Boltzmann Machine (RBM).
6.  Self-Organizing Maps (SOM).

5.5.1. Supervised Deep Learning

The basic model of DNN is the feed-forward neural network, and here it is named
deep multilayer perceptron (DMLP) [110]. DMLP operates through the fully interconnected
neuron layers. There is a difference in the number of hidden layers for MLP in DNN
compared to ANN architectures. Since the number of hidden layers is high, there will
be many more weights, bias, and activation functions in the DMLP infrastructure. The
number of neurons in the hidden layer is calculated using empirical formulas during the
formulation of the ANN-based model. The formula is given as

n=+/n;+ng (29)

where 7 is the hidden layer’s neuron number, 7; is the input layer’s neuron number, ng is
the output layer’s neuron number, and an is a bias value ranging from 1 to 10. Computation
shows that the hidden layer’s neuron number is set to 60. MLP neural networks [1]
are a kind of nonlinear model effective in detecting patterns, modeling, and time series
analysis of data. An MLP depends on the data’s structural relationship, a nonlinear
mapping between two or more variables. The data supplied to MLP are propagated from
the input to the output layer through a hidden layer after the MLP architecture is setup.
After the learning phase, the output can be considered assimilated. A suitable learning
algorithm minimizes the errors during the training process. It is worth remembering that
the MLP model’s learning algorithms depend on the backpropagation approach, which is
the steepest gradient descent method. The primary goal of the backpropagation method is
to reduce network inaccuracies.

Convolutional neural networks (CNN) [111] are deep learning models that consist of
four layers: convolutional, pooling, fully connected, and regression. The convolutional
layer contains several convolution filters, each used to create a single feature map. The
data can be either a value, image, or video signal. Some algorithms depend on the input
dimensions, and they cannot decide the input by feature extraction. Conventional neural
networks overcome the disadvantage of detecting features from images with a pooling
layer present inside them and perform the best on the multidimensional arrays. The
convolutional layer contains several convolution filters, each used to create a single feature
map. CNNs also stabilize the neuron layer to layer connections to obtain an accurate
prediction. The research developments in graphics and tensor processing units made the
CNNs work on large multidimensional data tasks. The function of the pooling layer is to
reduce feature map resolution so that input features aggregate. The convolutional layer
equation is as follows:

yiix = F((wp) x}; + b)) (30)

Maximum and average pooling are the two most used pooling operations. A CNN
model [112] is made up of numerous convolutional layers stacked on top of each other, as
well as pooling layers. The following function describes the equation of the pooling layers

Pl = pool (y, k) (31)

In most cases, the fully connected layer is beside the regression layer. Every neuron
in this layer connects to every neuron from the previous layer in the complete linked
layer. The fully connected layer performs the high-level analysis by moving the learned
scattered feature representation to one space. The output of the regression layer, which is
the final layer of the CNN model, is the final output of the CNN, Zhen et al. and [113]
C. Xu et al. [114]. Compared to CNNs and ANNS, the recurrent neural network performs
with a different topology. The outputs from the previous state feed as input to the next
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models in RNNs to capture the temporal features. The gap between RNN and ANN is that
RNN uses the last feed-forward’s information generated from its internal state. The RNN
uses the Gradient descent algorithm as the back propagation algorithm to solve tasks, but
the problem of finding global minima and maxima arises in every case accurately. Gradient
vanishing and gradient explosion troubles the RNN in the training phase. Gradient clipping
is a simple solution to the gradient explosion problem. Since the gradients are too small to
propagate, the gradient vanishing problem makes the model hard to solve. As a result, RNN
training performance is not always optimal. The equations for RNN [115] are as follows:

S(t) = o(UTx(t) + WTS(t —1) +b) (32)

y(t) = o(VTS(t) +¢) (33)

where ‘x(t)” takes the primary input at time ‘t’. W, U, and V are weight matrices with b and
c as constants; ‘y(t)’ is the response at time f, and ¢ is the activation function. Advanced
research methods such as long short-term memory (LSTM), and gated recurrent units
(GRUs) overcome some of these problems by storing information for a long time and using
gate functions. C.-H. Liu et al. [116] Hochreiter and Schmidhuber proposed the long short
term memory (LSTM) unit in 1997 as a variant type of RNN. They suggested LSTM as a
competent implementation with numerous enhanced modifications. In an LSTM neural
network, memory blocks swap the hidden units of an RNN. The essential aspect of LSTM
is that it employs an input gate, a forget gate, and an output gate, allowing it to learn what
needs to be saved, discarded, and read by regulating the three gates. In LSTM, the previous
output first passes through a forget gate, which allows some memory to drop. Then, an
input gate injects some additional memories into it. Finally, the output gate processes the
final output y(f). The following equations [117] depict the operation of LSTM units

f(t) = a(wi[h(t =1),x(t)] + by) (34)
i(t) = o(w] [(t = 1), x(1)] + by) (35)
g(t) = Tanh(wg [h(t —1),x(t)] + bg) (36)
o(t) = o (wg [A(t — 1), x(t)] + bo) (37)
c(t) = f(t)e(t — 1) +irgs (38)

where ‘w” and ‘b’ are the weight matrices and biases of associated gates, and ¢ is the
activation function. The Bi-LSTM [118] can learn a representation depending on the past
and the future and is most sensitive to the input values. It does this by combining another
LSTM that moves back to the forward LSTM through the sequence. Therefore, a Bi-LSTM
is constructed as multiple inputs on a time scale and produces a series of vectors as output,
Dabbagh Manesh et al. [119] Z. Huang et al. [120]. The gate recurrent unit (GRU) is a
variant of RNN that uses a gating mechanism to maintain past inputs in the networks’
internal state to process sequential data memories and map them from the previous input
history to target vectors. The GRU has fewer gates than the LSTM. Because the GRU merges
the input and forget gates into a single gate named the update gate. Two major gates in
the GRU are the update gate and the reset gate. The update gate regulates the data from
the previous state to the current state. The reset gate governs the ignored past information
from the GRU to the present moment. The equations [114] are as follows

Z(t) = o(wlx(t) + wlh(t — 1)) (39)
R(t) = o(w!lx(t )+wTh(t—1)) (40)
h(t) = Tanh(wj x(t) + wl (r(t) D h(t — 1)) (41)

h(t) = (1= 2(£)h(t = 1) +2(t)(t) (42)
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The present GRU algorithm, on the other hand, has two flaws. The first is that
preprocessing data packets for network packets requires a lot of manual work, and the
second is that memory utilization is excessive.

5.5.2. Unsupervised Deep Learning

This algorithm does not require tags to predict the output in training the model.
Without any supervision, these models detect patterns of hidden structures in the input
data to clusters.

An auto encoder (AE) [121] transforms the input latents before feeding them to a
decoder for reconstruction at the output. The significant property of AEs is that they have
the same training goal as the input.

hSP = f(W,SP + b,) (43)

SP; = d(Wsh%") + b, (44)

where ‘h°F” is the encoder operator of the solar power input, and ‘SP;’ is the decoder
operator of AE and /57, “W,” and ‘W,’ are the weight matrixes with biases ‘b;” and ‘b,” of
decoder and encoder, respectively.

The output characteristic equation

O; = f(Wo.(1" + SPy) + bo) (45)
The function of activation function gives the desired output
Y; = g(Wy.0; + by) (46)

The restricted Boltzmann machine (RBM) is a generative model that maps the predic-
tions across training datasets using a stochastic distribution. RBMs can be used to speed up
training with bipartite graphs of neural interconnections. The RBMs are stacked together to
build deep Boltzmann machines. The DBMs are often used as feature detectors to generate
representations from data. Supervised learning is further used in fine-tuning network
weights and improving performance on specific learning tasks. The self-organizing map
(SOM) [122] represents a one- or two-dimensional dataset from a higher dimensional
dataset without any change in the topological structure of the dataset. The SOM architec-
ture has an input and an output layer. The neurons in the input layer are connected fully to
the output layer neurons. The neurons in the output layer compete one-to-one to result
in the best matching unit by the smallest Euclidean distance from the input vector. The
Euclidean distance is given by

(47)

The SOM groups the nodes based on the similarity concerning the best matching unit.
The ordering phase of SOM decides the BMU, and the adjustment phase adjusts the radius
of the BMU to achieve the optimum solution. The weight adjustment is given by

wir(n) = wir(n — 1) +6(xx(n) — wir(n — 1)) (48)

Forall,i=1,2,...,T,k=1,2,...
where ‘x;” is the kth component of the input vector “x’, | is the dimension of the input
vector ‘x’, ‘T is the total number of neurons in the output layer, and ‘0’ is the learning rate
parameter. Following Kohonen’s rule, the weights given to the BMU and its neighbors
are driven to migrate toward the input vector supplied to the network, resulting in a
reduced Euclidean distance and assisting them to group similar vectors. The computational

summary of the deep learning models are presented in Table 7.
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Table 7. Summary of deep learning models.

Reference Year Model Location Forecast horizon Data Conclusion
Voyant et al. [73] 2014 MLP Mediterranean, France 24 h ahead 10 years data nRMSE Igr;%egso/from 286
F. Wang, 2020 BPNN Nevada. Day-ahead 2011 to 2016 RMSE of 10.31%

etal. [115]
C. Fan, Ten years data
| g 2020 CNN Golden, Colorado, USA 10 min ahead 1 January 2008 to 31 RMSE of 80.14 W/m?2
etal. [123]
December 2017
Yuchi Sun . 1 year (March 1st 2017 .
etal. [124] 2019 CNN USA 15 min ahead to March 1st 2018) RMSE: 2.1 kW /25 kW
Boulder, Desert Rock,
S. Mishra 2018 RNN Fort Peck, Sioux Falls, 1,2,3and 4h 22%91,6221121’ 2281171 4 iglrS’ Mean RMSE of 9.713 to
etal. [125] Bondville, Goodwin ahead dat b 39.812%
Creek, and Penn State ata
RMSE in a range of
Atlanta, New York, and 45.84 W/m? and
Yu et al. [126] 2019 LST™M Hawaii in USA. 1 h ahead 2013 to 2017 41.37 W/m? in two
different locations.
2.5 years (March 2011
. . to August 2012 and RMSE value of
Qing et al. [127] 2018 LSTM Santiago, Cape Verde. 1 h ahead January 2013 to 76.245 W /m?
December 2013)
Chandola . . Five years dataset MAPE values ranging
etal. [128] 2020 LSTM Arid zones of India 3,6, 24 h ahead (2010 to 2014) 6.79% to 10.47%.
Jeon and Korea Meteorological 2
Kim [129] 2020 LSTM Administration. 24 h ahead 1825 days RMSE of 30 W/m
Improvement of 3.2%
Obiora et al. [130] 2020 LSTM Johannesburg city 1 h ahead Ten years data 2009 NRMSE over the SVR
and 2019
model
. Fifteen years of
l\/’{ul;h[ellgiz;: 2018 LSTM Kharagpur, India 1 h ahead recorded data from Ié%d;fgv‘?\}l;e (2)f
erak 2000 to 2014 : m
Six months data 5
Justin et al. [132] 2020 LSTM Weather station, Rizal Any time (September 2019 to R® value 0.953 and MZAE
value 41.738 W/m
February 2020)
. . . 24 h,48 h, and 31-December-2015to  MAE of 0.0321, 0.0332 and
A. Rai etal. [133] 2021 GRU New Delhi, India 360 h 31-December—2016 0.0377

5.6. Probabilistic Models

This paper discusses basic probabilistic models [134] such as Gaussian distribution,
quantile regression, etc. Gaussian distribution [135] depends on training and testing
datasets to forecast solar power with allowable variance. In this case, the probability
integral transform evaluates the probability distribution. The quantile regression [136]
is a popular regression model for solar power estimation. The QR model individually
minimizes the cost function of each quantile. These models use historical data to estimate
the output. The literature survey on probabilistic models are analyzed and summarized in
Table 8.
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Table 8. Summary of special artificial intelligence models.

Model Location Forecast Horizon Data Conclusion

ENEL Catania
site, Italy

Reference Year

Genetic
Algorithm

M. Russo et al.

[68] 2014

15 min 1 whole year 2010 RMSE: 67.6 W /1000 W

MAPE value of 5.04 to 26.56
varies from month to
month.

Bhadla, Jodhpur,
Rajasthan, India

5 years

S.Garg et al. [137] (2010-2014)

2020 Markov Chains Day ahead

Bondville IL,
Pennstate, PA and
Desertrock, NV.

MAE of 4.64, 3.08 and 4.58
respectively

Genetic
Algorithm

V. Gunasekaran

etal. [91] 2021

1 min. ahead GHI 2018 to 2020

Yona et al. [138] 2013 Fuzzy Logic Okinawa, Japan 24 h ahead 1 year of data Average MAE of 0.22

5.7. Special AI Models

Y.WANG et al. [139] Theoretically, BPNN can estimate any nonlinear function with
high precision. The most significant drawback of BPNN is that it may reach a local optimum
owing to recurrent calculations. The genetic algorithm (GA) [140] solves these challenges
and brings the result to a global optimum. The GA is a stochastic searching strategy that
can find the best value rapidly and precisely, Yuqi Tao [141]. The authors considered
the operating parameters such as the population number ‘N’, the generation of evolution
‘gen’, the crossover operator ‘PC’, and the mutation operator ‘PM’. The coding starts with
initiating the population with weight lengths and thresholds through coding. The initialized
weights and thresholds in BP are encoded to read and normalize them. The absolute error
between the predicted output and the desired output of the BP network serves as the fitness
value. Finally, the operations such as selection, crossover, and mutation provide the optimal
weights and thresholds of the model to yield its best optimal solution.

B Gururaj et al. [142] proposed fuzzy logic that had been examined as infinite-valued
logic in the 1920s by Tarski et al. Lotfi Zadeh introduced the term fuzzy logic in 1965. Fuzzy
sets are mathematical representations of ambiguity and inaccuracy. These models are capable
of identifying, expressing, manipulating, and interpreting. Probability provides only either
true or false as two conclusions, but fuzzy logic provides the degree of truth. Fuzzification,
inference, and de-fuzzification are the three parts of fuzzy logic. The authors investigated
many applications of fuzzy logic. In one approach, the fuzzy technique was used for three
locations in India to estimate monthly averages of daily irradiances. It is also recommended
to add other meteorological variables to the conditional statements in the fuzzy implications
employed in this approach to improve the precision of solar irradiation estimation in that
approach. A Markov chain [143] technique that models the transition probabilities between
discrete power levels generates probabilistic forecasts without assuming a distributional
geometry. These models are reviewed analytically and mathematically in Table 9.

Table 9. Summary of probabilistic models.

Forecast

Model Horizon

Reference Year Location Data Conclusion

RMSE of 5.77 to 6.17% from
reduced to full features

Natural Gradient
Boosting

Mitrentsis et al.
[144]

February 2018 to October

2021 2019

Germany day-ahead

January 2010 to December
2011 (Catania), July 2010 to
December 2011 (Milano),
and April 2011 to March
2013 (Calabria)

Milano,
Catania, and
Calabria in
Italy

CATANIA MRE = 5.92%
CALABRIA MRE =7.72%
MILANO MRE = 8.03%

S. Alessandrini

et al. [145] 2015

Quantile Regression 0-72-h ahead

Two-plus years of data

DOUBLEDAY CRPS score of 5.18 to 7.47

et al. [146]

2021

Bayesian Model
Averaging

Texas

1,4,12,and 24 h
ahead

November 2016 to
December, 2018.

varies from site to site.

KHODAYAR
etal. [147]

2020

Graph Auto encoder

Convolutional

USA

30-min up to 6 h
ahead GHI

1998 up to 2016

CGAE obtains 2.53% better
CRPS than ST-QR-Lasso
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5.8. Hybrid & Ensemble Machine Learning Models

X. Huang et al. [148] examined hybrid models that have received much interest since
they can combine the benefits of many approaches. Model combination in forecasting
depends on using each model’s distinct feature to catch different patterns in the data. The
ensemble machine learning model boosts various weak learners to strong models with an
acceptable level of variance and bias. The drawback of overfitting the decision tree model
occurs because of the repetition process in the concluding leaf node. There are many methods
such as pruning, random forest, extra trees, etc. to overcome this limitation. The hybrid and

the ensemble models are mathematically summarized in Tables 10 and 11, respectively.

Table 10. Summary of hybrid models.

Reference Year Model Location Forecast Horizon Data Conclusion
Markov Chain,
SANJARI et al. Gaussian mixture . s Two year (2014 and
[99] 2017 and Genetic Australia 15-min ahead 2015) CRPS 2.16
algorithm
Yona et al. [138] 2013 Fuz?fl\}c;eory, Okinawa, Japan 24 h head 1 year of data Average MAE of 0.1327
Voyant et al. [53] 2012 ANN and ARMA Med;;efgs:ean, 1 h ahead 6 years data average nRMSE is 14.9%
Marzouq R . . 7 years (2009 to 2
etal. [54] 2013 GA-MLP Fez in Morocco Daily 2015 R =0.975
Perveen . . 15 years (2002 to Average MAPE =
etal. [149] 2019 ANFIS India 10 min ahead 2016) 0.00000021%
Chen et al [150] 2013 Fuzzy logic, MLP Singapore Hourly One month MAPE = 6.03-9.65%
. RMSE value of
Yeometal. [151] 2020 ~ CNN-LSTM Korean 1h ahead 1April 2011 to 31 ) 33\ /112 and R? value
network Peninsula. December 2015
of 0.895.
Oahu Solar CRPS score of 24.7 to 64.5
e’ltja'lY?lr’lﬁgZ] 2021 AnEn+LPQR Measurement 4 s to 1 min ahead 2010 l\éi:g{:et: 201 and Average skill score is
b Grid, Hawaii. 27.80%
1 year
. . . 24 h,48 h, and (31-December-2015 R? Coefficient of 0.8976247
A. Rai etal. [133] 2021 AE-GRU New Delhi, India 360 h ahead to 31-December— to 0.937336
2016)
F. Wang, . : 6 years (2011 to o
etal. [115] 2020 LSTM-RNN Nevada. Day-ahead 2016) RMSE value of 8.83%
Intra hour,
ZHANG Federated L . ! July 2006 to MAE of 49.1,53.1 and
etal. [153] 221 BayesLsTMNN  Ningia China - ntraday and day - Njoember 2018 71.6 W/m?
Ratshilengo Victoria, RMSE of 11.226 W and
etal. [38] 2019 GA-SVM Australia 1hahead 278 days MAPE of 1.70%
Wavelet
Jing Biet. A1[154] 2021 Transformation—  US Virgin Islands 5 min. 19 October 2013 to R?=0.98
19 November 2013
LSTM
Wavelet
Jing Biet. A1[154] 2021 Transformation—  US Virgin Islands 5 min. 19 October 2013 to R?=0.99
19 November 2013
BPNN
. . 3 Spanish 1 July 2015 to 1 July 2
Jing Biet. A1[155] 2022 ST-LSTM Wikipedia 1h 2016. R*=0.99
M. Game Theory Ames, Iowa, 1h,2h,3hand 1 RMSE value of 67.921,
Ghayekhloo [156] 2010 (GT)-SOM United States day ahead 2011 and 2013 82.506,113.4 and
4 y 119.75 W/m? respectively
Monjoly et. . . January 2012 to o
AL[79] 2017 WD-AR Le Raizet, France 1h December 2013 RMSE value of 19.57%
Monjoly et. AR . January 2012 to o
AL[79] 2017 WD-AR-ANN Le Raizet, France 1h December 2013 RMSE value of 7.90%
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Table 11. Summary of ensemble learning models.

Reference Year Model Location Forecast Horizon Data Training/Test Split Ratio Conclusion
YonggiLiuetal [5] 2019 CNN and GRU United States 3 h-ahead GHI 2 years (1 January 2013 to 31 8760h / 8760 h Mean RMSE of 69.5 W /m?
December 2014)
. . Convolutional Neural . . . . (6 years) December 2009 to
Da‘”‘ieaﬁrl‘;‘;?zam 2021 Networks (CNN) and University Campusin - Next /o minupto  December 2009 loNovember  November 2014/ December  R? coefficient of 0.936 to 0.908
etal Random Forest (RF) s Ry 2014 to November 2015
Davide Cannizzaro Convolutional Neural University Campus in Next 15 min up to December 2009 to November December 2009 to
tal. [157] 2021 Networks (CNN) and Long T ri}r,1 Ttal p next 24 h GI—II)I 2015 with a time- resolution of November 2014 /December  R? coefficient of 0.937 to 0.908
etak Short Term Memory (LSTM) urin, Haly € 15 min (6 years) 2014 to November 2015
Extreme gradient boosting RMSE of 56.68 W/m”
; ; : Tai irst ei 2 2
Pratima Kumari 2020 forest and Deep neural New Delhi, Jalpur. and 1 h GHI ahead Ten years (from 2005 to 2014) First eight years of 53.78 W /m?* and 91.8§ W/m
etal. [158] Gangtok in India data/Two years of data. of Jaipur, New Delhi, and
networks (XGBE-DNN) .
Gangtok respectively.
Long Short Term Memory
Nonita Sharma 2021 (LSTM) Layer and Maximal Yulara Solar System, 1 day, 10 days, and 1 January 2016 (12:00:00 a.m.) to 2016-2019,/2020 (I){i\/zlgf E\f/\? f1011-019 ’d(llzf 3 ! da;i
etal. [159] Overlap Discrete Wavelet Australia month ahead GHI 10 June 2020 (4:50:00 a.m.) 'an d 1 month. res y’ectively ’
Transform (MODWT) + Tesp y
Fermin Rodrieuez Feed forward neural
erm& [01 ()rs]g 2021 network and a Vitoria—Gasteiz, Spain 10 min ahead GHI 2015-2017 (3 years) 2015-2016/2017 RMSE of 50.80 W/m?
cetak Spatio-temporal approach
Wagas Khan DSE-XG (ANN, LSTM and . 15minand 1 hahead 2016 to 2019 years data by solar RMSE of 0.35, and 0.26 kW for
etal. [161] 2021 XGBoost) Bunnik, Netherlands GHI gis Four folds/One fold 15 min. and 1 h respectively
Liping Liu Australia Solar Centre 15 August 2013 up to 17 June 4 months of each year (from
etal. [104] 2019 SVM, MLP and MARS (DKASC), Australia 1 day ahead GHI 2018 2014 to 2018), with a total of RMSE of 0.1248 to 0.53 kW

600/4 days in 2018
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The results of various forecast models are compared and the paper is summarized
by the conclusion as shown in Figure 16. Table 12 makes the clear view to understand the

pictorial conclusion.

Persistence Clear sky data,
Model (1) Location, Zenith
angle, Ozone
—  Very short term Concentration,
Pressure,
Physical Model Humudity etc.
()]
GHI, Cloud
cover, Optical
depth, Cloud
— Short term Time series position &
odl©) cloud shadows,
Wind speed &
direction etc.
Machine Temp_erature,
learning Relative
— Medium term models (4) Humidity, DNI,
il day time, Water
vapor &
observational
Special AT ground data, etc.
Models (5)
Deep
Learning
Models (6)
Probabilistic Real time
Models (7) meteorological
'—  Error evaluation station data,
Supervisory and
acquisition-
Hybrid & controlled data
Ensemble
models (8)

Figure 16. Pictorial conclusion of solar energy forecasting models.

Table 12. Colour code representation of represented mapping’s in Figure 16.

Horizon Mostly Used—Model Source—Model
Very short term—Blue—1,4,6,8 Geographical & Meteorological data—Blue—1,3,8
Short term—Brown—2,3,4,5,6,7,8 Cloud & Satellite Imagery data—Brown—?2,8
Medium term—Black—3,4,6,8 NWP data—Black—2,3,4,6,7,8
Long term—Green—2,3,8 Historical data—Green—3,4,5,6,7,8

Error evaluation—Violet Real time monitoring data—2,8
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6. Conclusions

This paper explains more than 100 models by their characteristics and metric perfor-
mance with additionally adding merits and drawbacks of each. The solar irradiance and
power forecast model classifications made in this paper allow the researcher to analyse each
model in an effective perspective. It also helps find the best model suited for a particular
location with a preferred time horizon. The huge amount of nonlinear and non-stationary
data influenced the artificial intelligence models to use in predicting the best results. The
Al models are broadly classified into three separate groups, namely machine learning,
deep learning, and special Al models in the review to enhance a clear view of solar energy
forecasting. Some important metrics are briefly explained in our paper to understand each
model explained. The deep learning models provide the information to the researcher to
use images from satellites and the sky to estimate solar energy more efficiently. Nearly
70 models are compared with the time interval, spatial area, and the metrics, and nearly
30 models are surveyed theoretically. This helps the researcher understand the forecast
models from the beginning to recent years. The latest research developments mentioned
clearly show the priority of ensemble and hybrid models over other models. Comparing
all the models, the ensemble and hybrid models provide better prediction with required
time horizon from minutes to several days.
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