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Abstract—Solar forecasting is of great importance for en-
suring safe and stable operations of the power system with
increased solar power integration, thus numerous models have
been presented and reviewed to predict solar irradiance and
power forecasting in the past decade. Nevertheless, few studies
take into account the temporal and spatial resolutions along
with specific characteristics of the models. Therefore, this paper
aims to demonstrate a comprehensive and systematic review to
further solve these problems. First, five classifications and seven
pre-processing methods of solar forecasting data are systemat-
ically reviewed, which are significant in improving forecasting
accuracy. Then, various methods utilized in solar irradiance and
power forecasting are thoroughly summarized and discussed, in
which 128 algorithms are elaborated in tables in the light of
input variables, temporal resolution, spatial resolution, forecast
variables, metrics, and characteristics for a more fair and
comprehensive comparison. Moreover, they are categorized into
four groups, namely, statistical, physical, hybrid, and others
with relevant application conditions and features. Meanwhile, six
categories, along with 30 evaluation criteria, are summarized to
clarify the major purposes/applicability of the different methods.
The prominent merit of this study is that a total of seven
perspectives and trends for further research in solar forecasting
are identified, which aim to help readers more effectively utilize
these approaches for future in-depth research.

Index Terms—Hybrid methods, physical methods, pre-
processing methods, solar irradiance and power forecasting,
statistical methods.

I. INTRODUCTION

IN terms of renewable energy, solar energy has become
the most popular technology [1], [2], which has been

implemented in many countries around the world [3]. Because
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of its powerful generation capacity, the integration of solar
PV power plants with the grid has received increasing atten-
tion [4]–[6]. However, the inherent variability of solar power
generation has brought major problems to the grid, such as
power system instability [7]–[9], voltage surges [10], operation
scheduling [11], reserve costs [12], economical dispatch [13],
[14], and so on. Therefore, it is critical to employ reliable and
accurate solar forecasting to overcome the above effects, which
has promoted the booming development of related studies
worldwide [15]. In addition, there are two major techniques
in predicting the generation of PV plants, e.g., indirect [16]
and direct [17]. The former one first predicts solar irradiation,
and then obtains the produced power by application of solar
irradiation in a performance model of the PV plant [18],
[19]. The latter one directly calculates power output of the
plant [20]. Meanwhile, other studies only pay attention to solar
irradiation forecasting, owing to the fact that it is the hardest
component to model [21]–[23].

Although extensive popular techniques in solar forecasting
have been presented for the past several years, few reviews
have been developed to discuss various solar irradiance and
power forecasting strategies, which primarily exist with some
limitations, as summarized in Table I.

To address the aforementioned drawbacks, this paper un-
dertakes a thorough up-to-date review. Compared with prior
reviews, a systematic one-stop handbook about extensive
methods utilized in solar irradiance and power forecasting is
thoroughly summarized and discussed [24], [25]. In particular,
this paper compiles a comprehensive and systematic summary
for a reasonable comparison of various techniques, namely,
inputs, forecasting variables, and temporal and spatial resolu-
tion. In addition, 128 methods are categorized into four groups,
namely, statistical, physical, hybrid, and others.

II. REVIEW SCREENING OF METHODS

This review is conducted based on content analysis. The
Google Scholar, Baidu Scholar, Bing Scholar, and Web of
Science are employed to find relevant articles; the process
is carried out using sub-modules, as well as summaries of
previous modules [33], [34]. In searching for relevant articles,
serval similar keywords are adopted, such as irradiance and
PV power prediction, solar irradiance forecasting, solar PV
forecasting, and PV power forecasting. Particularly, review
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screening method schematic diagrams, from last decade years,
which are illustrated in Fig. 1.

III. SOLAR FORECASTING DATA

A. Classification of Input Data

Due to improper selection of prediction model inputs, the
forecasting error of different technologies can be increased.

Hence, it is necessary to pre-process data to improve pre-
diction accuracy [35]–[37]. Figure 2 classifies various solar
forecasting data into five subcategories.

B. Pre-processing of Model Input Data

Through the learning of historical patterns, the pre-
processed input data can considerably reduce the computa-

TABLE I
EVALUATION OF RECENT REVIEW PAPERS

Literature Year Content Limitations
Rich et al. [26] 2013 Introduced some related applications of solar energy resources

and PV production forecasting methods.
Performance indicators, such as inputs,
temporal and spatial resolution, and
forecasting variables are ignored.

Diagne et al. [27] 2013 Presented recent forecasting methods of solar irradiance and
some indications for future applied in small-scale insular grids.

Classifications are obscure or incomplete.

Antonanzas et al. [28] 2016 Complied some techniques to produce power forecasts for PV. Some methods are not fully described.
Utpal et al. [29] 2018 Covered a few PV power prediction techniques according to

different scales.
Many promising or state-of-the-art
technologies are ignored.

Sobrina et al. [30] 2018 Analyzed and compared the characteristics and performance of
solar power prediction methods.

Lack of effective and detailed data
preprocessing methods.

Ahmed et al. [31] 2020 Reviewed and evaluated some contemporary forecasting
techniques of PV solar power.

Some perspectives and recommendations for
future research are ignored or incomplete.

Pazikadin et al. [32] 2020 Presented an extensive review on the implementation of
Artificial Neural Networks (ANN) on solar power generation
forecasting.

Many major forecasting methods along with
their classifications are absent.
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Fig. 1. Review screening methods schematic diagram in last decade. (a) Flow diagram and (b) statistical diagram.
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tional cost of the prediction model. Numerous techniques
have been utilized for pre-processing input data of prediction
models [38]–[40]. It should be noted that no one single
technique completely outperforms the others.

In reality, these methods are sometimes combined to further
improve forecasting performance. In order to provide in-depth
analysis for each method, Table II compares applicability
and differences of these seven different data pre-processing
approaches.

IV. SOLAR IRRADIANCE AND POWER FORECASTING

A. Temporal Resolution Based Forecast
Researchers have classified solar irradiance and power

forecasting according to different factors. However, there is
no constant classification criteria for solar forecasting. Most
researchers classify solar irradiance and power forecasting
based on forecast scales, historical data, and other weather
data models and forecasting methods. The major forecast
classification is based on time horizon, upon which predictions
made for diverse time horizons are significant for different
aspects of grid operations [27], [48].

B. Spatial Resolution Based Forecast

Forecasting can be further subdivided into two main ap-
proaches, i.e., local forecasts and regional forecasts. Partic-
ularly, grid and plant operators are more inclined to use
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Fig. 2. Classification and summary of input data.

TABLE II
SUMMARY OF SEVEN PRE-PROCESSING METHODS

Method Year Applicability Usage
frequency

Implementation
difficulty

Computation
time

Accuracy
improvement Benefits/Shortcomings

Stationary [41] 2000 Small data with
low fluctuation.

** **** * ** • Adaptive;
• Unable to handle complex data environment.

Trend-free time
series [42]

2007 Determine trend
of daily solar
radiation.

* * ** *
• Independent data length;
• Relatively trouble-free implementation;
• Low robustness.

Clear sky
model [43]

2009 Small data with
relative low
fluctuation.

** * *** *
• Fast calculation;
• Less calculation burden;
• Redundant information included.

Normalization [44]2012 Medium data with
high redundancy.

* *** *** **

• Adaptive;
• Reduced redundant information;
• Difficult to distinguish different time-varying

components.

Self-organizing
map [45]

2014 Medium data with
drastic fluctuation.

*** ** *** ****

• Especially suitable for nonlinear and non-
stationary data environment;

• Less computation time;
• Low prediction accuracy and low robustness.

Learning vector
quantiza-
tion [46]

2014 Large data with
high relevance.

**** *** *** *** • Simple and less computation time;
• Prediction accuracy might be regraded.

Wavelet
transform [47]

2015 Convert large data
into smaller
ranges.

**** **** ** ****

• Independent on wavelet function and decom-
position levels;

• Reduced calculation burden;
• Difficult to distinguish different time-varying

components.

*Note. Larger number of * means a higher rank.
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regional forecasts, because of it is more helpful to maintain the
balance of supply and demand in the regional power system,
while differences between local and regional forecasts are
discussed in literature [49]. In addition, distribution of different
techniques based on their spatial resolution and temporal
horizon are demonstrated in Fig. 3.
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Fig. 3. Distribution of different methods based on spatial resolution and
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C. Model Subject Based Forecast

Based on the model subject, solar irradiance forecasting and
solar power forecasting can be classified, as summarized in
Fig. 4.

V. FORECASTING METHODS

A. Statistical Models

A statistical model does not require the system to provide
any internal information to the model itself, which is using a
basis of learning of forecasting model with historical influen-
tial variables [24], [25]. These prediction models attempt to
use the difference between the predicted PV output power and
the actual measured value to reduce network learning errors.
Moreover, their forecasting accuracy is dependent on length
and quality of historical input data [29], which are subdivided
into

two groups, namely, regressive methods and artificial intel-
ligence (AI) methods. Particularly, with respect to regressive
models, these techniques predict the relationship between a
dependent variable (solar power output) and some independent
variables, which are known as predictors. Here, AI models are
described as four subgroups, namely, neural networks (NNs),
support vector machines (SVM), extreme learning machine
(ELM), and fuzzy logic (FL). In addition, a comprehensive
summary of statistical methods for solar irradiance and power
forecasting is presented in Table III.

Temporal
resolution

Spatial
resolution

Model
subject

Subclass

Classification

Power smooth

Applications

Very short-term
(a few seconds
to 1h ahead)

Short-term
(1h to 48h ahead)

Medium-term 
(48h to 1

week ahead)

Long-term (1
week to 1 year
or more ahead) 

Local forecasts
(single solar plant

or solar farm)

Regional forecasts

Solar irradiance

Solar PV power

Real-time dispatch

Maintenance
scheduling

Updating schedule

Plan and unit
commitment

Unit commitment

Transmission
management and

trading

Directly predict PV
output power

Plan daily power
generation schedule

Supply power for
small load

Grid operators

Establish scientific
power generation

schedule

Indirectly obtain
output power using
a PV performance
model of the plant

Stakeholders

Traders

Grid operators

Load dispatch
centers

System operators

Speculators

Plant operators
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TABLE III
CHRONOLOGICAL SUMMARY OF 25 STATISTICAL METHODS FOR SOLAR IRRADIANCE AND POWER FORECASTING

Method Year Temporal
resolution

Spatial
resolution Inputs Forecast

variables

Perfor-
mance
metrics

Characteristics

Regressive
methods

Linear
stationary

AR [43] 2009 Short-term

Regional
(21
rooftops
PV
system)

15-min PV data
(1 year) Hourly P R2 • Benchmark model.

ARX [43] 2009 Short-term

Regional
(21
rooftops
PV
system)

15-min PV data
(1 year) Hourly P R2 • Benchmark model.

MA [50] 2014 Short-term Regional
Solar irradiance
(2 years), historical PV
data

Hourly P
RMSE,
R2 • Benchmark model.

ARMAX [50] 2014 Short-term Local Solar irradiance P RMSE • More flexible for practical use of solar power
prediction.

ARMA [51] 2015 Short-term Local GHI, DHI, DHI, cloud
cover P

MAE,
RMSE

• Very flexible by representing different types
of time series.

VAR [52] 2015 Long-term Local Past values of P and T P ss • Quantile score 7.44.

VARX [52] 2015 Short-term Regional Past values of P P CRPS • CRPS improvement of 1.4–5.9% compared
with AR model.

Linear
non-
stationary

ARIMA [53] 2012 Very-short
term

Local
(1 MW
solar farm)

Past values of P
(6 months) Hourly P MAPE • More accurately capture dramatic changes in

irradiance related to day-night cycle.

ARIMAX [53] 2012 Short-term Regional Previous solar
irradiance (1 year)

Global
solar
irradiance

R2, MAE • Similar to ARMAX.

SARIMA [54] 2013
Day and
Intra-day
ahead

Regional
(Greek
territory)

Solar irradiance
(1 year) P NRMSE • Improved prediction accuracy of real PV

system.

Non-linear
stationary

NARX [55] 2016 Medium-
term Regional Solar irradiance, T P

SDE,
RMSE • Suitable for nonlinear dynamic systems.

NARMAX [55] 2016 Medium-
term Regional Solar irradiance, T ,

sunshine time P
SDE,
RMSE

• Popularly applied in engineering domain, es-
pecially in ANN parameterization.

AI
methods

NNs

ANN [56] 2010 Very-short
term Regional Solar irradiance, T ,

sunshine time (2 years) P
RMSE,
MBE

• No need for more variables or complex cal-
culations.

ANN based on
MLP [57] 2013 Short-term Local DNI, mean T (1 year) GHI MBE,

RMSE, ρ • Shorter computing time.

RBN [58] 2013 Short-term Local Air humidity, cloud
covers, and T (1 year) P

MAE,
RMSE • Isolation forecast data assists to train.

Non-linear
autoregressive
NN [59]

2014 Very-short
term Local

Global solar irradiance,
T , P of module
(1 year)

P
RMSE,
R2

• Efficient use of solar energy to generate elec-
tricity.

ANN based on
explicit
approach [60]

2014 Short-term Local

Latitude, longitude,
altitude, monthly and
mean hourly relative
humidity, total rainfall
(1 year)

Kt, DNI,
GHI

RMSE,
MBE

• Useful for predicting solar irradiance compo-
sition at any location.

BP [61] 2015 Short-term Local Historical P data
(2 years) P MAPE • Improved prediction accuracy compared with

ANN.

DCNN [62] 2017 Very-short
term Local Historical P data

(1 year) P
MAPE,
RMSE,
CRPS

• More concise memory footprints and fewer
parameters.

SVM

SVM with least
square [63] 2013 Very-short

term Local

Historical data of
atmospheric
transmissivity in 2-D
form, meteorological
parameters (14 years)

P
MAE,
MAPE, ρ

• Capture time-varying and nonlinear patterns
of solar irradiance data;

• High generalization ability.

SVM [64] 2015 Short-term Local Global solar irradiance,
DNI, DHI (1 year)

Solar
irradiance

RMSE,
MRE

• Faster computation;
• Reduced error.

SVR [65] 2016 Short-term Local Historical P data, DNI
(8 months) P

RMSE,
Bias

• Improved prediction under clear sky and
overcast conditions.

ELM
ELM [66] 2017 Short-term Regional

Daily mean DNI, T ,
Rh, Ws, historical P
data(12 months)

P
RMSE,
R2,
MAPE

• Very fast learning with enhanced perfor-
mance.

FL

FL [67] 2013 Short term Local

Historical solar
irradiance data, sky
conditions (sunny,
rainy and cloudy), T
(1 month)

DNI MAPE • Forecasting accuracy is poor for a single
weather condition.

GFM [68] 2013 Long-term Local
n, T , Rh, Ws,
atmospheric pressure
(2 years)

Solar
irradiance

RMSE,
MAPE

• Effective modeling structure;
• No primary assumptions needed for statisti-

cal distributions.
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B. Physical Methods

The physical method is based on NWP, using cloud obser-
vations through satellite or a sky imager through employing
physical data, i.e., air temperature, humidity, day time, water
content, etc. [69]

Based on atmospheric numerical dynamic simulation, the
NWP model can predict solar irradiance and cloud cover,
which then can be subdivided into two groups, namely,
global models and regional models [70]. The Sky imager is

a digital camera that can provide high-quality sky images
from horizontal to horizontal, suitable for cloud detection,
cloud height measurement on the ground, and cloud movement
determination [71]. The concept of satellite imaging is very
similar to the sky imaging model, while the cloud pattern
is dependent on visible light and infrared images taken by
satellite-based sensors flying overhead [72]. Moreover, a com-
prehensive summary of physical methods for solar irradiance
and power forecasting is given in Table IV.

TABLE IV
CHRONOLOGICAL SUMMARY OF 18 PHYSICAL MODELS FOR SOLAR IRRADIANCE AND POWER FORECASTING

Method Year Temporal
resolution

Spatial
resolution Input variables Forecast

variables

Perfor-
mance
metrics

Characteristics

NWP

Global
model

GFS [73] 2011 Medium-
term Regional

SURFRAD ground
measurement data
(8 months)

GHI MBE,
RMSE

• Radiant flux attenuation relied on H2O
phase, temperature and particle size.

ECMWF [73] 2011 Medium-
term Regional

SURFRAD ground
measurement data
(2 months)

GHI MBE,
RMSE

• Accurately estimate cloudy and clear sky
conditions.

Regional
models

RUC/RAP [24] 2009 Short-term Regional Water vapor
absorption, DNI DHI, GHI ρ, R2 • Wavelength-independent model absorbs/

scatters irradiance only from water vapor.

NAM [73] 2011 Short-term Regional
SURFRAD ground
measurement data
(13 months)

GHI MBE,
RMSE

• Irradiance output applied to NWP can de-
crease offset and error.

MM5 [40] 2012 Short-term Regional

Historical data of
hourly energy
production, estimate
values of weather
parameters (1.5 years)

P RMSE • Offer forecast values of hourly electrical en-
ergy production for allhours of following day.

WRF [74] 2016 Short-term Regional
SURFRAD ground
measurement data
(2 years)

GHI RMSE, ρ • Can be completely compressed to meet the
requirements for relied on-hydrostatic model.

Satellite
imaging

Physical
satellite
models

GDM [75] 1980 Short-term

Regional
(12 meteo-
rological
stations)

Ra, water vapor
absorption, surface
albedo, a cloud
threshold, cloud albedo
and absorption
(3 months)

Global
solar
irradiance

MBE, ρ
• Consider clear and cloudy conditions sepa-

rately;
• Forecasting accuracy improved by modifying

cloud threshold, cloud albedo, and absorp-
tion.

MR [76] 1984 Short-term Regional

θz , cloud top height,
cloud optical depth,
ground albedo, T , Rh,
and Ws (50 days)

Global
solar
irradiance

RMSE, ρ,
R2 • Clouds own the greatest impact on irradiance

reaching ground level.

MDV [77] 1987 Short-term Regional
T , Rh and three-layer
aerosol column (1
month)

Global
solar
irradiance

RMSE,
MBE

• Ignore change of surface albedo with solar
zenith angle.

DDK [78] 1987 Short-term Regional

Sky transmissivity
factor, gaseous
absorption,
METEOSAT
radiometer data

Global
solar
irradiance

ρ • Suitable for both clear and cloudy conditions;
• Aerosols with abnormally high concentra-

tions are considered clouds.

Statistical
satellite
models

HH model [79] 1978 Short-term Regional

Visible satellite data:
aerosols and dust
particles, water vapor,
cloud cover

Global
solar
irradiance

N. S.
• Statistical linear regression based on clear-

ness index and atmospheric absorptivity;
• Correct reported digital satellites to deter-

mine visible radiation.
Tarpley &
Justus-Paris-
Tarpley
model [80]

1979 Very
short-term

Regional
(18
stations)

Mean target brightens,
mean cloud brightness,
θ

DNI ρ, SDE • Focus on three independent cases based on
cloud index.

Perez operational
model [81] 2002 Short-term Regional kt, Kt, GHI

Global
solar
irradiance

ρ, RMSE • Allow modification based on real-time mea-
surement of snow or ice, as well as correction
of solar satellite angle effects for each pixel.

Cano-
HELIOSAT
model [82]

2004 Short-term Regional Ground albedo, mean
albedo of cloud tops kt, Kt ρ, R2 • Establish simple linear connection between

kt and Kt.

Sky
imagery

TSI [83] 2011 Very
short-term Local Sky images, sunshine

parameters (1 month)

Cloud
cover,
solar
irradiance

ρ, R2 • Large spatial average power plant;
• Inaccurate sky conditions prediction due to

uncertainty of cloud motion.

USI [84] 2014 Very
short-term Local Hg (28 days) kt ρ, R2

• No data loss caused by shadow band;
• No information loss during image compres-

sion;
• Higher spatial and intensity resolution.

Multiple total
sky imagers [85] 2015 Very

short-term Local
Various weather and
cloud conditions, and
DNI (6 months)

GHI, 3-D
cloud
tracking

MAE,
RMSE

• Strong robustness in cloud detection and
layer tracking;

• Increased visible range to a certain degree.
Sky camera
images [86] 2015 Very

short-term Local Digital image levels
(4 years)

DNI, Hg ,
DHI nRMSE • Only digital image levels used in forecasting.
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C. Hybrid Models

It is notable that most researchers focused on single models
for solar forecasting. Nevertheless, performance of a single
model is not reliably accurate in solar forecasting for different
cases. One of the motivations for developing hybrid models is
that the forecasting accuracy can often be improved by taking
advantage of each method [33].

In this context, a thorough analysis of different hybrid
models is undertaken. Particularly, they are classified into six
groups based on the employed pre-processing mechanisms,

e.g., general ensemble learning approach (GELA), cluster-
based ensemble learning approach (CELA), decomposition-
based ensemble learning approach (DELA), decomposition-
clustering based ensemble learning approach (DCELA), evo-
lutionary based ensemble learning approach (EELA) and resid-
ual based ensemble learning approach (RELA), as illustrated
in Table V.

D. Other Methods
Up-to-date other methods in solar forecasting, such as

post-processing methods and probabilistic forecasts are also

TABLE V
CHRONOLOGICAL SUMMARY OF 72 HYBRID MODELS FOR SOLAR IRRADIANCE AND POWER FORECASTING

Methods Year Temporal
resolution

Spatial
resolution Input variables Forecast

variables
Performance
metrics Characteristics

GELA

MTM-ANN [87] 2005 Short-term

Regional
(60 meteo-
rological
stations)

Latitude, longitude and
altitude (10 years) Hg

RMSE,
R2

• Satisfactory performance compared to AR,
ARMA and Markov Chain.

WRF-MOS-
Kalman
filter [88]

2014 Very
short-term Regional

Geographical and
meteorological data
(1 year)

Hg
RMSE,
MBE • Kalman filter boost WRF performance.

ESSS-ANN [89] 2014 Very
short-term Regional

Different
meteorological data
driven from satellite
images (5 years)

Hg
RMSE,
R2, MBE

• Prediction performance based on images res-
olution.

Different
Angström-
type [90]

2015 Medium-
term Regional n (10 years) Hg

R2,
RMSE,
MAPE

• Improved performance.

BFGS-ANN [91] 2015 Short-term

Local
(Geosta-
tionary
meteosat)

T , day time, G0

(1 year) Hg
RMSE,
MBE, R2

• Superior to independent model (LLR, CG
and ANN) in statistical indicators.

SVR-GBR-
RFR [92] 2016 Medium-

term

Regional
(7
meteoro-
logical sta-
tions)

Different
meteorological data
(2 years)

Hg MAE • Enhanced performance compared to stand-
alone models.

B-EKF-
MLP [93] 2016 Medium-

term Regional T , Rh, Ws, n
(9 years) Hg

RMSE,
R2

• Superior to NARX-NN, MLR and winner
filters;

• Complex processing.
Mycielski-
Markov
model [94]

2017 Very
short-term

Regional
(2 sites)

Sky cover, Rh, Ws

(4 years) Hg
RMSE,
MABE • Complex processing.

Combining
empirical
models [95]

2017 Medium-
term Local G0, n, daylight hours

(4 years) Hg

RMSE,
RAE,
MAE, R2

• Superior to other independent models in sta-
tistical indicators.

HS-MMFF [96] 2018 Very
short-term Local Six solar features

(1 year) Hg nRMSE • Improved forecasting performance.

CNN-LSTM [97] 2019 Very
short-term Local

Previous half-hourly
solar irradiance
(12 years)

GHI
MAP,
APB,
rRMSE

• Accurate results compared with other stand-
alone models: CNN, LSTM, DNN, GRU,
DNN, and MLP.

WRF-Kalman
Filter [98] 2019 Short-term Local kt (2 years) GHI MBE,

nRMSE • Effective for day-ahead forecasting.

DFT-PCA-
Elman [99] 2019 Short-term Regional

(5 sites)
Previous solar
irradiance (1 year) GHI MAE,

RMSE
• Superior to persistence models, ARIMA,

PCA-PB, and DFT-PCA-BP.

CELA

Fuzzy c-means
Clustering [100] 2012 Short-term

Regional
(10 meteo-
rological
stations)

Two previous inputs
kt−1
t and kt−2

t
(2 years)

kt
RMSE,
MBE,
MAE

• Satisfactory forecasting accuracy in various
European regions.

K-means-DTW-
MWF [101] 2013 Short-term Local

Six prior inputs of
daily global solar
irradiance (1 year)

Hg RMSE • Outperform ARMA, TDNN, and hybrid
ARMA-TDNN.

K-means-
clustering-
NAR [102]

2013 Medium-
term Local

Two prior inputs of
daily global solar
irradiance (2 years)

Hg
RMSE,
nRMSE

• Choose the instability and time consumption
of k-means of cluster.

HMM-
GFM [103] 2013 Medium-

term Local
16 different
combinations of inputs
(2 years)

Hg
RMSE,
R2 • Superior to ANFIS and ANN.

K-means-
Kolmogorov-
Smirnov-
statistic [104]

2014 Short-term Regional
Previous hourly global
solar irradiance
(2 years)

kt
Energy
error • High accuracy.

GA-
GAMMF [105] 2014 Very

short-term Local Previous global solar
irradiance (1 year) Hg

MAPE,
RMSE

• Superior to ARMA, TDNN, and hybrid
ARMA-TDNN.

SOM-SVR-
PSO [106] 2015 Very

short-term Local 8 hour of predict data
(17 years and 3 years) Hg

Average
lower error • Superior to ARIMA, LES, SEM, and RW.
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TABLE V
CHRONOLOGICAL SUMMARY OF 72 HYBRID MODELS FOR SOLAR IRRADIANCE AND POWER FORECASTING (CONTINUED)

Methods Year Temporal
resolution

Spatial
resolution Input variables Forecast

variables
Performance
metrics Characteristics

K-means-
clustering-soft
computing [107]

2016 Very
short-term Local T , Rh, Pr (3 years) Hg

MAE,
RMSE

• SVM-C and SVM-R clustering prediction
indicate satisfactory performance.

TB-K-means-
ANN [108] 2016 Very

short-term

Regional
(11
different
regions)

15 different inputs data
(9 years) Hg

MSE,
RMSE

• Outperform K-means*, K-means++, K-
means, and SOM in accuracy and processing
time.

SOM-OPELM-
MISMO [109] 2016 Short-term

Regional
(3
different
regions)

θ, G0, Hg , hourly
mean DNI, DHI, kt
(4 years)

Hg

RMSE,
MAPE,
MAE,
MBE

• Enhanced performance than SOM-OPELM-
DirRec, SOM-OPELM-Recursive, ARMA,
and BP neural network.

T. S. C
K-means-
MLP [110]

2016 Short-term Local T , Ws, Wd, G0 DNI, GHI

RMSE,
nRMSE,
MAE,
nMAE

• More efficient and accurate compared with
K-means*, K-means++, K-means, SOM, and
FCM.

K-means-
DTMC [111],
[112]

2017 Short-term Regional Different
meteorological data Hg MAE • Improved performance in different regions;

• Complex processing.
T. M-K-means-
MLP [113] 2017 Short-term Regional Different

meteorological data Hg
RMSE,
MAE

• More accurate and faster compared with K-
means*, K-means++, K-means, SOM, and
GTSOM.

DELA

WT (DB7)-
MLP [114] 2006 Medium-

term Local
Different
meteorological data
(5 years)

GHI MAE,
MRE

• Employing WT with MLP improves predic-
tion performance than single MLP.

WT (DB4)-
RNN [115],
[116]

2014 Short-term Local T , Rh, Wd, Ws,
rainfall, Pr (7 years) GHI RMSE,

MAE, R2
• WT enhances forecasting ability via reduc-

ing forecasting error by 6% compared with
independent model.

WT-SVM [117] 2015 Medium-
term Local T , Rh, n, Pr

(13 years) GHI

MAPE,
MABE,
RMSE,
rRMSE,
R2

• High accuracy compared with ARMA, GP,
and ANN.

Morlet-WT-
MLP-
ANFIS [118]

2016 Short-term Local T , Rh, n, Pr

(10 years) GHI RMSE • Novel frequency indicator for prediction.

WT-ANN [119] 2016 Very
short-term

Regional
(10 cities)

Different
meteorological data
(1 year)

GHI RMSE,
R2 • No unique wavelet applied to all regions.

WT (DB2)-
SVM [120] 2016 Short-term Regional

(3 cities)

Different
meteorological data
(1 year)

GHI

RMSE,
rRMSE,
MAE,
MAPE

• Improved forecasting performance compared
to SVM.

WT (DB3)-
GPR [121] 2016 Short-term Regional Previous measurement

of kt (2 years) GHI

MAE,
RMSE,
nRMSE,
R2

• High prediction performance against ANN,
SVM, GPR, and WA-ANN.

WT-AR-
ANN [122] 2017 Short-term Local

Different
meteorological data
(1 year)

GHI
MBE,
MAE,
RMSE, ss

• Preprocessing methods boost performance of
ANN and AR.

EMD-LMD-
LSSVM-
VM [123], [124]

2018 Short-term Local
Different
meteorological data
(1 year)

GHI RMSE,
MAE, ss

• Obtain better prediction performance com-
pared with other hybrid models such as
EMD-LDM-VM.

MEMD-ACO-
RF [125] 2019 Medium Local Set of meteorological

parameters (23 years) GHI MAE,
RMSE

• Best accuracy against MEMD-ACO-
M5TREE, RF, M5tree, and MPMR.

DCELA

WT-GTSOM-
BNN [126] 2015 Very

short-term Regional T , Wd, Ws (2 years) GHI RMSE,
rRMSE

• Obtain accurate results against other single
model and other decomposition approaches.

EEMD-LS-SVR-
K-means-LS-
SCR [127]

2018 Short-term Local
Different
meteorological data
(8 years)

GHI

Std.
NRMS,
Std.
MAPE,
SDE

• Superior to single models and other
decomposition-based models.

EMD-WA-RE-
ANN [128] 2018 Medium-

tern Regional Previous solar
irradiance GHI

RMSE,
MAPE,
R2, ρ

• Satisfactory performance on daily and
monthly scale.

EELA

GAO-
WNN [129] 2011 Short-term Regional T , daily GHI (4 years) Kt

Relative
error

• Applicable to non-stationary behavior of
data, quickly providing global optimization.

PSO-ANN [130] 2012 Medium-
term

Regional
(41
locations)

Numbers of month,
latitude, longitude,
altitude, n (42 years)

Hg MAPE • Improved performance over empirical models
and single ANN.

MGGP [131] 2013 Medium-
term Regional

Months number,
latitude, longitude,
altitude, T ratio, mean
n (14 years)

Kt
RMSE,
R2

• Enhanced forecasting performance compared
to SGGP and regressive methods.

GA-SA [132] 2013 Medium-
term Regional

Tmin, Tmax, Rh, total
precipitation and mean
n (6 years)

Hg
RMSE,
MAPE, ρ

• Improved forecasting performance compared
to Angstrom model.

GA-ANN [133] 2013 Short-term
Regional
(83
stations)

G0, integral Rayleigh
optical thickness, Bcs,
cos θ

DNI MBE,
RMSE, ρ

• Accurate forecasting due to high resolution
of METESAT satellite images;

• Forecasting accuracy relies on satellite reso-
lution.
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TABLE V
CHRONOLOGICAL SUMMARY OF 72 HYBRID MODELS FOR SOLAR IRRADIANCE AND POWER FORECASTING (CONTINUED)

Methods Year Temporal
resolution

Spatial
resolution Input variables Forecast

variables
Performance
metrics Characteristics

LGP [134], [135] 2013 Medium-
term Regional

Tmin, Tmax, Rh, total
precipitation and mean
n (5 years)

Hg
RMSE,
MAPE, ρ • Outperform Angstrom model.

ABC-
Angstrom [136] 2013 Medium-

term
Regional
(4 cities)

Relative moisture,
elevation, Tmin, Tmax

(4 years)
Hg R2 • Satisfactory forecasting ability against SRT.

BCO-Angstrom
model [137] 2014 Medium-

term
Regional
(7 cities)

Meteorological data
(20 years) Hg

RMSE,
R2 • Improved performance than SRT and PSO.

CRO-ELM [138] 2014 Short-term Local kt with relative T
(1 year Hg

RMSE,
MAE

• Improved results compared to classical ELM
and SVR;

• Overfitting and weak results.

RC-GA [139] 2015 Medium-
term

Regional
(65
locations)

Latitude, longitude,
altitude, T , Rh, n, G0,
day length (13 years)

Hg MAPE • Sensitive to relative humidity within a few
months.

CS-OP-
ELM [140] 2015 Very

short-term Regional 9 inputs meteorological
data (8 years) Hg

RMSE,
MRE • Outperforms ARMA, BP, and OP-ELM.

SA-ANN [141] 2015 Short-term Local
Tmin, Tmax, Rh, Ws,
earth skin temperature
(19 years)

Hg
RMSE,
MAE, R2 • Superior to SVM, ANN, GP, and MLSR

model.

FFA-SVM [142] 2016 Medium-
term Local n, ∆T , Rh, Vp, Tmean

(14 years) Hg

RMSE,
MAPE,
R2

• Outperforms ARMA, ANN, and GP.

WRF-GGA-
ELM [143] 2016 Very

short-term Local 92 atmospheric inputs
(1 year) Hg

RMSE,
R2

• Outperform single ELM;
• Complex processing.

FFA-RFs [144] 2017 Very
short-term Regional

n, ∆T , Rh, numbers
of day, numbers of day
time (1 year)

Hg
RMSE,
MAPE • Outperforms ANN, ANN-FFA, and RFs.

WFR-CRO-SP-
ELM [145] 2017 Short-term Local 12 meteorological data

(1 year) Hg RMSE • Outperforms GA-ELM and ELM;
• Forecasting performance relies on WRF ac-

curacy.
CS-SPRQVSR-
QRBF [146] 2017 Short-term Regional

(4 regions)
8 meteorological
variables (1 year) Hg

MAPE,
RMSE • Features selection improves forecasting.

NSMOBA-
Combination
with machine
learning [147]

2017 Medium-
term Regional 12 meteorological

factors (19 years) Hg
MAE,
MAPE

• Improved performance of individual model
by NSMOBA and superior to PSO and GA.

ANFIS-ANN-
PSO [148] 2017 Very

short-term Local
Different
meteorological
variables (4 years)

GHI MAPE,
MAE

• Performs well during sunny and cloudy sea-
sons.

PSO-
ANFIS [149],
[150]

2018 Medium-
term Local

Tmin, Tmax, n,
monthly rainfall, kt
(8 years)

Hg

RMSE,
MAPE,
R2, ρ

• Improved forecasting performance against
ANFIS, ANFIS-GA, and ANFIS-DE.

RELA

ARMA-
TDNN [151] 2011 Very

short-term Local
Previous hourly global
irradiance data
(10 days)

GHI RMSE,
nRMSE • Outperforms ARMA and TDNN.

NWP-ARMA-
ANN [152] 2012 Short-term Regional

(5 sites)
18 past input data
(6 years) Hg

RMSE,
R2 • Outperforms persistence model and single

ANN.

ANN-
ARMA [153] 2013 Very

short-term Local
Exogenous
meteorological
parameters (9 years)

Hg RMSE • Improved performance compared to persis-
tence, ARMA, and clear sky model.

CARDS [154] 2013 Very
short-term Regional

Previous hourly global
irradiance data
(5 years)

Hg

MeAPE,
MBE,
KSI,
RMSE

• Outperforms ANN, ARMA, and TDNN.

ARMA-MLP-
Persistence [155] 2014 Short-term Local

6 sub-variables are
constructed from
pressure time series
(13 years)

Hg RMSE • Difficult to combine these three predictors.

Empirical
models-
BNN [156]

2014 Short-term Regional Daily Tmin, Tmax

(1 year) Hg

RMSE,
MBE,
MAE

• Outperforms BNN.

ANN-
ARX [157],
[158]

2016 Short-term Local n, Tmin, Tmax

(13 years) Hg
MABE,
RMSE, ρ • Outperforms ANFIS.

ARMA-
NAR [159] 2016 Very

short-term

Regional
(three
regions)

Different
meteorological data
(1 year)

Hg RMSE • Outperforms single model both in three dif-
ferent regions.

NARNN-
ARMAX [160],
[161]

2017 Very
short-term Regional Exogenous input

(19 years) Hg
RMSE,
nRMSE

• Enhanced by three types of daily prediction
performance compared to single model.

SAIRIM-
ANN [162] 2017 Medium-

term

Regional
(three
regions)

13 inputs data
(26 years) Hg

RMSE,
MAE,
MAPE

• Outperforms ARIMA, SAIRIM, and ANN.

Combining
empirical
models [163]

2018 Short-term
Regional
(20
regions)

n, T , precipitation,
vapor pressure, Rh

(49 years)
Hg

RMSE,
MBE, R2

• No universal model for all research areas and
prediction performance depends on available
data.

LR-MLP-
BDT [164] 2018 Short-term Local

Different
meteorological data
(3 years)

Hg

MAE,
RMSE,
nRMSE,
rRMSE,
R2

• Inferior to MLP model in terms of forecast-
ing performance.
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very crucial [26]. Post-processing methods are often used to
optimize the output of NWP models. In particular, although
the spatial resolution has increased rapidly in the past few
years, detailed local weather characteristics generally cannot
be resolved by NWP predictions. In addition, systematic
deviations of certain weather conditions may be assigned to
global and mesoscale model predictions. Therefore, it may
be improved through statistics or other post-processing tech-
niques. Moreover, numerous irradiances forecasting methods
contain statistical components [69].

Another latest finding in this field is to take into account
the uncertainty of some forecasts. Basically, these forecasting
methods provide a single value that is valid for the future.
Efforts to integrate the above methods into grid management
have shown that, in many cases, probabilistic predictions are
more helpful than single-point predictions [165]. Furthermore,
a large number of forecasting techniques have been devel-
oped to offer point prediction, forecasting intervals, and/or
forecasting probability distribution function [166], which are

categorized into parametric approaches and non-parametric
approaches, as listed in Table VI.

VI. CONCLUSION

A large number of performance criteria have been presented
and utilized to measure precision of solar forecasting methods.
It is crucial to complete a fair and comprehensive assess-
ment through suitable criteria to evaluate solar prediction,
in consideration of diverse forecasting scales, geographical
locations, etc. Therefore, a brief summary of 30 metrics is
given in Table VII, while benefits/contributions and shortcom-
ings/limitations of each subcategory for a more practical and
reasonable comparison are illustrated in Fig. 5.

Note that accurate solar forecasting is of great significance
to solar power systems, which is considerable for power dis-
patching and power grid security, as well as can bring crucial
environmental, economic, and social benefits. Therefore, there
have been a series of previous reviews focus on concluding
these solar forecasting methods. Nevertheless, existing reviews

TABLE VI
CHRONOLOGICAL SUMMARY OF 13 OTHER MODELS FOR SOLAR IRRADIANCE AND POWER FORECASTING

Model Year Temporal
resolution

Spatial
resolution Input variables Forecast

variables
Performance
metrics Characteristics

Post-
processing
models

Physical
post-processing
approaches [167]

2009 Medium-
term Regional

Aerosol forecasts,
ground albedo, ozone,
water vapor, clouds
(5 months)

DNI, Hg RMSE
• Significantly improves global irradiance

and especially direct irradiance forecasts
compared with ECMWF forecasts for
clear sky situations.

Temporal
interpolation
(combined with
CSM) [168]

2009 Very
short-term

Regional
(more than
200 mete-
orological
stations)

Different
meteorological data
(10 months)

kt, Ics RMSE • Provides a more proper basis for linear
interpolation than irradiance.

Human
interpretation of
NWP
output [169]

2010 Medium-
term Regional Different

meteorological data
Cloud cover,
GHI RMSE

• Prediction can be corrected according to
local events or weather conditions;

• Hard to predict with NWP or statistical
methods.

MOS (correction
from NAM,
GFS,
ECMWF) [170]

2011 Medium-
term Regional

SURFRAD ground
measurement data
(1 year)

GHI MBE,
RMSE

• Based on cloud cover variables;
• Through location, time and basic fore-

casting models, solar irradiance can be
predicted more accurately.

Spatial averaging
(based on NAM,
GFS, WRF) [72]

2011 Short-term Regional θz , kt (56 days) GHI RMSE,
MAE

• Reduced forecasting fluctuations in vari-
able cloud situations;

• Increased resolution of NWP model for
forecasting accuracy improvement.

Probabi-
listic
forecasts

Para-
metric

Sky imagery
with SVM and
ANN
sub-models [171]

2015 Very
short-term Regional Historical data of DNI

and sky image GHI
RMSE,
MAE,
MAPE

• Variance utilized to construct prediction
intervals.

NWP with
extraterrestrial
insolation and
SVR [172]

2015 Short-term Regional Rh, T , Pr , cloudiness,
G0

GHI PICP • Normal and Laplacian distribution as-
sumed.

GARCH [173] 2016 Very
short-term Regional GHI, Ics GHI CRPS • Prediction interval based modeling.

Nonpara-
metric

QRFs [174] 2015 Short-term Regional
Rh, Ws, T , Pr ,
longitude, latitude,
altitude, cloud covers

GHI N. S. • All information regarding observations
stored.

GB [175] 2016 Short-term Regional GHI, Rh, Ws, T , Pr ,
Wd, G0, Vp

GHI Quantile
score

• Learning from errors of prior models;
• Linearly combine weak learners,

namely, separate variables with limited
forecasting information, into an
independent forecasting model.

LUBE [176] 2015 Medium-
term Regional

16 inputs, including
calendar variables and
historical P

GHI RMSE • Basically, according to minimizing fore-
casting error.

KDE (with
QR) [177] 2016 Short-term Local P , T GHI ss • Estimate density of a stochastic variable

from unknown density.

AnEn [178] 2016 Short-term Regional
GHI, Rh, Ws, T , Pr ,
Wd longitude, latitude,
altitude

GHI CRPS • Only requires a physical model.



988 CSEE JOURNAL OF POWER AND ENERGY SYSTEMS, VOL. 9, NO. 3, MAY 2023

TABLE VII
SUMMARY OF 30 PERFORMANCE METRICS FOR SOLAR IRRADIANCE AND POWER FORECASTING

Type Metric Applicability/Purposes Equation

Algebraic
metrics

Pearson’s correlation
coefficient [179]

Linear correlation between forecasted and actual
value of solar power. (ρ) =

cov(ρ,ρ̂)
σρσρ̂

Normalized error (nE) [53] Suitable for assessing normalized forecast errors. nE =
Ppred−Pmeas

max(Ppred)
Relative mean absolute error
(rMAE) [53] Suitable for evaluating uniform prediction errors. rMAE = 1

N

∑N
i=1

∣∣Ppred − Pmeas
∣∣

Mean absolute percentage error
(MAPE) [179] MAPE = 100

N

∑N
i=1

∣∣∣Ppred−Pmeas
P0

∣∣∣
Median absolute percentage
error (MdAPE) [180] MdAPE = median

(∣∣∣100Ppred−Pmeas
Pmeas

∣∣∣)
Relative mean bias error
(rMBE) [180] Applied to assess forecast bias. rMBE = 1

N

∑N
i=1

(
Ppred − Pmeas

)
Standard deviation error
(SDE) [180] SDE =

√
1
N

∑N
i=1

(
Ppred − Pmeas − MBE

)2
Root mean square error
(RMSE) [181]

Applied to evaluate entire precision of forecasts
while penalizing large forecast errors based on a
square order.

RMSE =
√

1
N

∑N
i=1

(
Ppred − Pmeas

)2
RMSE2 = MBE2 + SDE2

Coefficient of
determination [181]

Represents correlations between real and
forecasted values. R2 = 1− Var(Ppred−Pmeas)

Var(Ppred)

Correlation coefficient [182] ρ =
(Cov(Ppred−Pmeas))

2

Var(Ppred)

Skill score (ss) or forecasting
skill (S) [182]

Define ratio of uncertainty U of solar forecasts to
solar variability V .

ss = 1−
(

U
V

)
U =

√
1
N

∑N
i=1

(
Ppred, t−Pmeas, t

Pcs, t

)2

V =
√

1
N

∑N
i=1 (∆k (t))2

Statistical
metrics

Skewness [182]
Measure asymmetry of distribution of forecast
errors; A positive/negative skewness causes an
over-forecasting/under-forecasting tail.

skew = N
(N−1)(N−2)

∑N
i=2

(
nE−nE

SD

)3

Excess kurtosis [182]

Measure magnitude of peak of distribution of
forecast errors; A positive/negative kurtosis value
states a peaked/flat distribution, higher/lower than
that of normal distribution.

kurt =
{

N(N−1)
(N−1)(N−2)(N−3)

∑N
i=1

(
nE−nE

SD

)4
}

· 3(N−1)2

(N−1)(N−2)

Maximum absolute error
(MaxAE) [182]

Applied to the largest forecast error; Larger
MaxAE can cause significant economic impact on
grid operation

MaxAE = maxi=1,2,···n
∣∣Ppred − Pmeas

∣∣
Maximum absolute scaled
error (MASE) [182]

No scale and little understanding of outliers; A
smaller MASE denotes better forecasting. MASE = MAE

( 1
N

−1)
∑N

i=2 |Pmeas,i−Pmeas,i−1|
Kolmogorov–Smirnov integral
(KSI) [182]

Evaluate statistical similarity between forecasted
and actual solar power. KSI =

∫ xmax
xmin

Dndx

OVER [182]
Characterize statistical similarity between
forecasted and actual solar power on large
forecast errors.

OVER =
∫ pmax
pmin

tdp

t =

{
Dj − Vc if Dj > Vc

0 if Dj ≤ Vc

KSD [182] Ensures a continuous classification of results. KSD = w1KSI + w2OVER

RIO [182] Offer information from CDFs and distance
between pairs. RIO = KSD+RMSE

2

Uncertainty
quantification Rényi entropy [183] Quantify forecast uncertainty. Hα (X) = 1

1−α
log2

∑N
i=1 P

α
i

Standard deviation [183] N. S.
Ramp
characterization Swinging door algorithm [183] Extract ramps in solar power output via

identifying start and end points of each ramp. N. S.

Economic
metrics

95th percentile of forecast
errors [183]

Represent amount of non-spinning reserves
service reserved to compensate for solar power
forecast errors.

N. S.

Other metrics

Error estimation [183] Proportionally correlate to learning error with
actual variability of output. E = 100

√∑Ni
i−1

(Pmeas,i−Ppred,i)
2

σ2
i Ni

Continuous ranked probability
score (CRPS) [184]

Represents fraction of observations at
lower/higher level. CRPS = 1

N

∑N
i=1

∫∞
−∞

(
F

pred
i (x)− Fmeas

i (x)
)2

dx

Brier score (BS) [184] Represents enhancement of base model. BS = 1
N

∑N
i=1 (Pn −On)

2

Mean absolute interval
deviation (MAID) [184]

Evaluate deviation models between forecasted
interval and actual interval. MAID = 1

2N

{∑N
i=1

∣∣∣UP
meas,k,i − UP

pred,k,i

∣∣∣+ ∣∣∣LP
meas,k,i − LP

pred,k,i

∣∣∣}
Interval coverage probability
(ICP) [184]

Average all observations in data set; Higher ICP
leads to lower forecast error.

ICP = 1
N·k

∑N
i=1

∑i+k
j=i+1 cj · 100%

cj =

{
1 if Pj ∈

[
Umeas,k,i, L

P
meas,k,i

]
0 otherwise

Modified version of MAE and
MBE [184] Penalize hourly energy error or daily energy error. cvMAE = MAE

Pmeas
cvMBE = MBE

Pmeas

Pinball loss function (L) [184] Average over target quantiles, time periods and
forecast horizons. L =

{ (
1− a

100

)
(qa − y) if y < qa

a
100

(y − qa) if y ≫ qa

on solar forecasting still have various limitations, namely,
obscure and incomplete classifications, outdated methods,
partial performance indicators, unpromising perspectives and
so on, which can be further improved. On the behalf of
remedying the aforementioned drawbacks to offer readers
comprehensive and systematic guidance for future research
in the related field, this paper aims to offer a comprehensive
and systematic summary of 128 forecasting methods of solar
irradiance and power, which are categorized into four major

groups, namely, statistical, physical, hybrid, and others. The
following conclusions can be stated:

1) Five classifications of solar data, along with 7 data pre-
processing methods which can efficiently improve forecasting
accuracy, are thoroughly covered;

2) Six subcategories, along with 30 evaluation criteria, are
summarized for a fair and reasonable evaluation for solar
forecasting;

3) 128 solar forecasting methods are comprehensively
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Perform well in both data-
poor and data-rich

environments Coverage and applicability
is limited

Regressive
methods

AI methods

NWP

Satellite
imaging 

Sky imagery

GELA

CELA

DELA

DCELA

EELA

RELA

Easy implementation
and manitainance

Can handle noisy, 
incomplete, and

non-linear data sets

Used widely to predict
atmospheric sate up to

15-days ahead 

Widely used in wordwide

High prediction accuracy

Long history development

Both own a higher spatial
and temporal resolution

Own strong robustness in
cloud detection and

layer tracking

Only non-linear model
was used to fuse outputs

Obtain high prediction
performance against

single models in
different regions

Render the time series
data stationary
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Fig. 5. Comparison of four types of solar forecasting methods.
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summarized and compared based on their inputs, temporal
resolution, spatial resolution, forecasting variables, metrics,
and characteristics, which aims to help readers utilize these
methods more effectively for future in-depth research.

The aforementioned methods are all carefully and thor-
oughly covered and discussed with their application con-
ditions/purposes, such that interested readers or relevant
researchers can rapidly and readily find proper mod-
els/algorithms to tackle their tasks.

VII. PERSPECTIVES

Seven perspectives and trends for further research in solar
forecasting are presented here:

1) Independent forecasting methods of conventional solar
irradiance and power forecasting are difficult to maintain at
a high accuracy rate under different conditions. Thus, hybrid
forecasting methods should be further developed to effectively
enhance prediction accuracy and performance;

2) Spatial averaging has a potential for improving prediction
accuracy without additional measurement data, which is being
employed as a promising technique. In addition, regional
forecasting results are quite promising for grid operators due
to the fact that numerous solar power plants need to operate
simultaneously;

3) Probabilistic solar power forecasting is still at an early
stage with several challenges remaining to be resolved, which
creates a significant potential for future applications;

4) Economic impact of solar forecasting should be further
analyzed and discussed. Recent research has indicated a poten-
tial to reduce balancing reserves through improving prediction,
which can obtain significant economic savings and increase
energy efficiency;

5) Pre-processing and post-processing of solar historical
datasets need to be considered. An effective and indispensable
preprocessing technique, namely weather classification, has
been demonstrated through state-of-the-art research. In addi-
tion, data-driven approaches are also considered as a hot spot,
which can considerably enhance data processing efficiency;

6) Designing proper forecasting models with the optimal
number of inputs according to their strong correlation with PV
output. Moreover, optimization algorithms are indispensable to
help choose the most important input parameters;

7) Owing to its high speed, high bandwidth and low
delay, 5th-Generation (5G) technology combining innovative
technologies, e.g., big data, cloud computing and AI, can
be utilized to significantly improve transmission quality and
efficiency of real-time solar data for potential forecasting in
different applications.

REFERENCES

[1] B. Yang, L. E. Zhong, X. S. Zhang, H. C. Shu, T. Yu, H. F. Li, L. Jiang,
and L. M. Sun, “Novel bio-inspired memetic salp swarm algorithm
and application to MPPT for PV systems considering partial shading
condition,” Journal of Cleaner Production, vol. 215, pp. 1203–1222,
Apr. 2019.

[2] Z. Shi, W. Wang, Y. Huang, P. Li and L. Dong, “Simultaneous
optimization of renewable energy and energy storage capacity with
the hierarchical control,” CSEE Journal of Power and Energy Systems,
vol. 8, no. 1, pp. 95–104, Jan. 2022.

[3] Y. Chaibi, A. Allouhi, M. Salhi, and A. El-jouni, “Annual performance
analysis of different maximum power point tracking techniques used
in photovoltaic systems,” Protection and Control of Modern Power
Systems, vol. 4, no. 1, pp. 15, Aug. 2019.

[4] W. Yang, Y. Yang, Q. Wang, Y. Q. Wang, Z. J. Gu, J. J. Yang, “Research
on the integration application of distributed photovoltaic energy-based
micro-storage,” Power & Energy, vol. 42, pp. 577–581, Oct. 2021.

[5] B. Yang, T. Yu, X. S. Zhang, H. F. Li, H. C. Shu, Y. Y. Sang, and
L. Jiang, “Dynamic leader based collective intelligence for maximum
power point tracking of PV systems affected by partial shading
condition,” Energy Conversion and Management, vol. 179, pp. 286–
303, Jan. 2019.

[6] P. K. Bonthagorla and S. Mikkili, “Performance Investigation
of Hybrid and Conventional PV Array Configurations for Grid-
connected/Standalone PV Systems,” CSEE Journal of Power and
Energy Systems, vol. 8, no. 3, pp. 682–695, May 2022.

[7] H. Chen, J. Z. Zhang, Y. B. Tao, and F. L. Tan, “Asymmetric GARCH
type models for asymmetric volatility characteristics analysis and wind
power forecasting,” Protection and Control of Modern Power Systems,
vol. 4, no. 1, pp. 29, Dec. 2019.

[8] F. Bai, Y. Cui, R. Yan, T. K. Saha, H. Gu and D. Eghbal, “Frequency
Response of PV Inverters Toward High Renewable Penetrated Distri-
bution Networks,” CSEE Journal of Power and Energy Systems, vol.
8, no. 2, pp. 465–475, March 2022.

[9] W. Zhang, Z. Zheng and H. Liu, “A novel droop control method
to achieve maximum power output of photovoltaic for parallel in-
verter system,” CSEE Journal of Power and Energy Systems, doi:
10.17775/CSEEJPES.2020.05070.

[10] L. J. Fan, X. Huang, “Low voltage ride-through and DC-side protection
control strategy for photovoltaic power plants,” Power & Energy, vol.
42, pp. 447–450+460, Aug. 2021.

[11] H. Hamdi, C. B. Regaya, and A. Zaafouri, “A sliding-neural network
control of induction-motor-pump supplied by photovoltaic generator,”
Protection and Control of Modern Power Systems, vol. 5, no. 1, pp. 1,
Dec. 2020.

[12] D. R. Song, X. Y. Fan, J. Yang, A. F. Liu, S. F. Chen, and Y. H.
Joo, “Power extraction efficiency optimization of horizontal-axis wind
turbines through optimizing control parameters of yaw control systems
using an intelligent method,” Applied Energy, vol. 224, pp. 267–279,
Aug. 2018.

[13] F. Barbieri, S. Rajakaruna, and A. Ghosh, “Very short-term photovoltaic
power forecasting with cloud modeling: a review,” Renewable and
Sustainable Energy Reviews, vol. 75, pp. 242–263, Aug. 2017.

[14] Y. Liu, X. Chen, L. Wu and Y. Ye, “An IDM-based distributionally
robust economic dispatch model for integrated electricity-heat-gas
microgrid considering wind power,” CSEE Journal of Power and
Energy Systems, doi: 10.17775/CSEEJPES.2021.03940.

[15] C. Wan, J. Zhao, Y. H. Song, Z. Xu, J. Lin, and Z. C. Hu, “Photovoltaic
and solar power forecasting for smart grid energy management,” CSEE
Journal of Power and Energy Systems, vol. 1, no. 4, pp. 38–46, Dec.
2015.

[16] S. Koohi-Kamal³, N. A. Rahim, H. Mokhlis, and V. V. Tyagi, “Photo-
voltaic electricity generator dynamic modeling methods for smart grid
applications: a review,” Renewable and Sustainable Energy Reviews,
vol. 57, pp. 131–172, May 2016.

[17] Y. H. Huang, J. Lu, C. Liu, X. Y. Xu, W. S. Wang, and X. X. Zhou,
“Comparative study of power forecasting methods for PV stations,” in
2010 International Conference on Power System Technology, Zhejiang,
2010, pp. 1–6.

[18] A. Teke, H. B. Yıldırım, and Ö. Çelik, “Evaluation and performance
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for estimating daily global solar radiation from measured air temper-
ature in semi-arid climates: application in Ghardaı̈a, Algeria,” Energy
Conversion and Management, vol. 79, pp. 606–615, Mar. 2014.

[159] S. Shamshirband, K. Mohammadi, J. Piri, D. Petković, and A. Karim,
“Hybrid auto-regressive neural network model for estimating global
solar radiation in Bandar Abbas, Iran,” Environmental Earth Sciences,
vol. 75, no. 2, pp. 172, Jan. 2016.

[160] B. Yang, L. Jiang, L. Wang, W. Yao, and Q. H. Wu, “Nonlinear
maximum power point tracking control and modal analysis of DFIG
based wind turbine,” International Journal of Electrical Power &
Energy Systems, vol. 74, pp. 429–436, Jan. 2016.

[161] K. Benmouiza and A. Cheknane, “Small-scale solar radiation forecast-
ing using ARMA and nonlinear autoregressive neural network models,”
Theoretical and Applied Climatology, vol. 124, no. 3, pp. 945–958,
May 2016.

[162] D. R. Song, S. Y. Zheng, S. Yang, J. Yang, M. Dong, M. Su,
and Y. H. Joo, “Annual energy production estimation for variable-
speed wind turbine at high-altitude site,” Journal of Modern Power
Systems and Clean Energy, vol. 9, no. 3, pp. 684–687, May 2021, doi:
10.35833/MPCE.2019.000240.

[163] M. Alanazi, M. Mahoor, and A. Khodaei, “Two-stage hybrid day-ahead
solar forecasting,” in 2017 North American Power Symposium (NAPS),
Morgantown, 2017, pp. 1–6.

[164] J. L. Fan, X. K. Wang, L. F. Wu, F. C. Zhang, H. Bai, X. H. Lu, and
Y. Z. Xiang, “New combined models for estimating daily global solar
radiation based on sunshine duration in humid regions: a case study
in South China,” Energy Conversion and Management, vol. 156, pp.
618–625, Jan. 2018.

[165] A. Rabehi, M. Guermoui, and D. Lalmi, “Hybrid models for global
solar radiation prediction: a case study,” International Journal of
Ambient Energy, vol. 41, no. 1, pp. 31–40, Mar. 2020.
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