iIScience

¢? CellPress

OPEN ACCESS

An overview of deterministic and probabilistic

forecasting methods of wind energy

Yuying Xie, > Chaoshun Li,"-?* Mengying Li,® Fangjie Liu,” and Meruyert Taukenova?

SUMMARY

In recent years, a variety of wind forecasting models have been developed,
prompting necessity to review the abundant methods to gain insights of the
state-of-the-art development status. However, existing literature reviews only
focus on a subclass of methods, such as multi-objective optimization and machine
learning methods while lacking the full particulars of wind forecasting field.
Furthermore, the classification of wind forecasting methods is unclear and incom-
plete, especially considering the rapid development of this field. Therefore, this
article aims to provide a systematic review of the existing deterministic and prob-
abilistic wind forecasting methods, from the perspectives of data source, model
evaluation framework, technical background, theoretical basis, and model per-
formance. It is expected that this work will provide junior researchers with broad
and detailed information on wind forecasting for their future development of
more accurate and practical wind forecasting models.

INTRODUCTION

Overview of wind forecasting

In response to the increased global energy demand, intensified energy crisis and accelerated climate
change, the share of renewable energy is growing exponentially in global energy market.' As a promising
resource with abundant reserves and wide distribution, wind energy has attracted lots of attention both in
academic research and in industrial applications. However, the inherent weather-dependent instability of
wind resource” would adversely affect the security and reliability of the power grid.>”’ Because large-scale
electricity storage is still costly, effective wind energy prediction is essential to facilitate wind power grid
integration,®™'% further promoting the development of wind energy applications.”' So far, numerous
models for wind forecasting have been proposed,'? serving different purpose, as shown in Figure 1. It
should be noted that the wind forecasting referred to in this paper includes both wind speed prediction
and wind power prediction.

The wind forecasting horizon varies from a few seconds to several days into the future,'® and they can be
grouped into four types, as shown in Table 1.

In terms of predictive spatial scope, the predications can be single turbine prediction (specific wind tur-
bines), single farm prediction (certain wind farms), and clustered prediction (regional wind turbines).
Compared with the prediction on individual wind turbines,'* forecasts for particular wind farms are more
prevalent.'””"” Because of the expansion of installed wind power capacity and increased wind power inte-
gration, the utilization of clustered wind forecasting has been continuously promoted.'®'”

According to the forecasting step size, the predication can be single-step or multi-step. The former pre-
dicts the next values x, 4 1 according to the historical time series of n observations [x1, x2, ..., X,], whereas
the latter forecasts the next m values [Xn+ 1,Xn+ 2,-...Xn + m] Of n observations.? Compared with single-
step prediction, multi-step forecasting can provide more meaningful results in a longer period,”"?* but
its performance inevitably declines with the extension of prediction steps. In terms of optimization, wind
forecasting can be a single-objective optimization problem (SOP) or a multi-objective optimization prob-
lem (MOP),”* depending on whether these models are evaluated by single or multiple objectives. Earlier
MOP was solved by converting multiple functions into a single objective function with constraints.”*
With the development of optimization techniques, a variety of multi-objective optimization algorithms
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Figure 1. The classification of wind forecasting methods based on different criteria

Although wind forecasting methods can be classified in terms of forecast horizon, spatial scale, step size,
and optimization objective, these criteria are sometimes overlapping and thus fail to systematically subdi-
vide the existing prediction models. Therefore, based on the nature of predictive algorithms, the fore-
casting methods are most widely classified as deterministic and probabilistic forecasting methods,”*?
which will be comprehensively reviewed in this work. The deterministic forecasting methods are those
who output predicted deterministic point values corresponding for varies forecast horizons and spatial
scale, whereas probabilistic forecasting method”’ ' can obtain the upper and lower boundaries of wind
energy in the form of probability density or probability interval,*** which in turn can provide supplemental
information related to wind fluctuations to decision-makers.***°

The objectives and contributions of this work

To summarize and compare different wind forecasting methods, a number of literature reviews exist in the
literature. For example, Costa et al. (2008)*° analyzed the history of short-term wind power prediction. Lei
etal. (2009)*" introduced the forecasts of wind speed and power generation. Al-Yahyai et al. (201 0)°® reviewed
the utilization of the Numerical Weather Prediction (NWP) models in wind energy assessment. Soman et al.
(2010)"° reviewed wind forecasting methods in different time frames. Tascikaraoglu et al..(2014)*> provided
a survey on the combined approach of predicting short-term wind speed and power. Yan et al. (2015)"
emphasized uncertainty analysis in wind power prediction. Marugén et al. (2018)"" discussed the artificial neu-
ral network (ANN) applied to wind energy systems. Liu et al. (2019)* sorted out the intelligent predictors and
auxiliary methods in the deterministic forecasting field. Tascikaraoglu et al. Liu et al. (2020)** discussed the
application of multi-objective optimization technology in the field of wind forecasting. Yang et al. (2021)*° pro-
vided a handbook on wind forecasting techniques. In addition, there are also literature reviews on renewable
energy prediction, which cover wind forecasting. For instance, Zendehboudia et al. (2018)** offered a review
from the perspective of the application of support vector machine (SVM) in predicting wind energy. Ren et al.
(2015)* presented a literature review with a focus on the ensemble methods of wind power prediction. Pérez-
Ortiz et al. (2016)"° reviewed classifications and algorithms in renewable energy applications. Wang et al.
(2019)* reviewed deep learning techniques applied to renewable energy forecasting. Lai et al. (2020)*® dis-
cussed machine learning models in renewable energy forecasting.

Although the above studies summarized different wind forecasting methods, we found that (1) the majority
of the existing reviews have been conducted focusing on only one specific aspect such as deep learning
techniques, hybrid methods, or multi-objective optimization models while lacking the full particulars of
wind forecasting field; (2) the subcategories of deterministic and probabilistic forecasting are not clearly
identified, especially considering the diverse characteristics of various forecast models. For instance, the
Numerical Weather Prediction (NWP) model is classified as the only physical model in some literature,
whereas it is considered as a subcategory of physical models in other references; (3) with the continuous
advancement of wind forecasting research, there is a lack of systematic summary of the existing methods
in terms of data resources, forecasting mechanisms, and predictive results. To the best of our knowledge,
the above research gaps have not been filled.

Therefore, this work aims to provide a practical reference for classifying, summarizing, and comparing
different wind forecasting models. The main contributions of this work are fourfold: (1) A systematic
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Table 1. The definition of four forecast horizons of wind forecasting

Forecast Horizon Definitions

Ultrashort-term prediction Conduct wind energy prediction only within a few seconds to 30 min ahead
Short-term prediction Conduct wind energy prediction between 30 min and 6 h ahead
Medium-term prediction Conduct wind energy prediction from 6 h to 1 day ahead

Long-term prediction Conduct wind energy prediction which is more than 1 day ahead

classification and review of wind forecasting models has been provided from the perspective of determin-
istic and probabilistic forecasting; (2) An extensive survey of existing publications detailing the subcate-
gories of wind forecasting methods has been conducted; (3) An in-depth investigation on the data sources,
evaluation systems, forecasting models, merits and drawbacks of various methods has been performed; (4)
The mainstream and possible development outlooks of wind forecasting methods have been explored,
providing future directions for wind forecast-related research.

Research methodology

The wind forecasting publications are selected from Web of Science, ScienceDirect Search, IEEE Xplore,
and Google Scholar databases. Both review and research publications are selected from a number of lead-
ing journals, such as Applied Energy, Renewable and Sustainable Energy Reviews, |IEEE Transactions on
Sustainable Energy, Energy Conversion and Management, IEEE Transactions on Power Systems, and Jour-
nal of Cleaner Production. With the keywords of “wind energy prediction”, “deterministic wind fore-
casting”, "
selected and reviewed. Among them, more than 200 are about deterministic wind forecasting whereas
around 100 are about probabilistic wind forecasting. The cited references are published from 1998 to
2022 whereas most of them are published in the past decade. A visualization of the keywords from selected
literature is shown in Figure 2.

probabilistic wind forecasting” and “deep wind interval prediction”, over 300 publications are

The remainder of this paper is organized as follows. Section 2 provides an overview of data sources for
wind prediction models. Section 3 firstly summaries commonly adopted evaluation metrics, and then
reviews different categories of deterministic prediction methods. Section 4 presents the evaluation indi-
cators frequently utilized in probabilistic forecasting methods, and then a comprehensive review of para-
metric and nonparametric probabilistic prediction methods. Section 5 discusses the mainstream and
future trends in wind forecasting, and the limitation of this work. Finally, concluding remarks are given
in Section 6.

INPUT DATA FOR WIND FORECASTING

High-quality input data plays a crucial role in promoting the development of wind forecasting models
because data quality greatly affects model performance and effectiveness. The widely used data sources
and processing techniques are summarized as follows.

Measurement of wind speed and wind power

Locally sensed wind speed and wind power data can serve as input and training targets for prediction
models. These data is available from public websites such as National Renewable Energy Laboratory
(NREL),*” NASA's Prediction of Worldwide Energy Resource,” and National Institute of Wind Energy.”’
Locally sensed data can also be obtained via privately owned wind farms, such as wind fields in Fortaleza
and Natal, Brazil,”” Inner Mongolia, China,” etc. Wind data collected on websites are open access, which
may facilitate data acquisition for numerical experiments and model validation. However, available data
published on websites are relatively limited in terms of data volume and timescale. For example, NREL
wind data are currently updated until 2012 and only wind speeds at specific altitudes are reported.”” In
contrast, data from operational wind farms are more abundant, with up-to-date wind data on request by
researchers, though this data may not readily available because of confidentiality and security constraints.

NWP data

NWP data can provide forecasts of weather variables such as wind speed, wind direction, ambient temper-
ature and momentum flux, which can be derived from NWP models, including the North American

iScience 26, 105804, January 20, 2023 3



¢? CellPress

OPEN ACCESS

inverse empirical wavelet tran
empirical wavelet transform

power prediction

kalman fllt.gr
extreme learning machines long short termimemory network @ ®
empirical mode aecompeosition data @inin,
P " [ p‘n)' windignergy ee
hybrid algorithm
wind speedpredictions
[ machinglearning
. -
] - r J scadaidata 3
wind spe%recastmy % Wwwer )
short-term wind speed forgcast " wind powdgiforecasting prediction
@ S echo Sta@netwadrk wavelet dggomposition R
combiriggTiode convolutionalpeural network
o _g wind spewreﬂiction uW—sm—termaﬁs ® renewalle energy
® wavelet transform
ind dictie
®/ VIR powwre o artificial neural network
phase;pace“construction wincjd‘ipeed ga

o . bp neural network
@ variational moc“ecomposmon

kernel extreme&al%n machin n
€ spectrum singular analysis hypothgsis test

decompositionibased methods

6%) VOSviewer

Figure 2. Keywords of the literature that are selected and cited in this work

Mesoscale,” the Global Forecast Sys'cem,bb and the Weather Research and Forecasting (WRF) system.le
NWP data are also available on publicly websites, such as Wind Integration National Dataset (WIND).*’
In addition to providing wind forecasts, NWP data can also serve as auxiliary variables for prediction
models."® For example, Buhan et al.”® proposed an ANN/SVM model for wind power forecasts 48 h in
advance, in which NWP data were used to correlate with measured data.

Exogenous data

Exogenous data can provide prediction models with exogenous variables, including meteorological data,
geographic data and wind turbine data. Meteorological data can be collected directly from specific loca-
tions using instrumentation, where exogenous variables such as wind direction and air temperature are
included. Geographic data, providing information on landforms and surface roughness, are available
from the US Geological Survey®’ and the National Aeronautics and Space Administration.”® Wind turbine
data, which provide exogenous variables on wind turbine layout and specifications, can be obtained from
publicly accessible sources such as the US Wind Turbine Database.”” When considering the introduction of
exogenous data as inputs for forecasting models, the determination of exogenous variables will depend
primarily on their correlation with output variables. For example, Sanchez et al. (2006)°” developed a sta-
tistical wind energy forecasting system, in which the mean hourly wind speed and direction were used as
input data. Ye et al. (2017)°° proposed a spatial correlation model that uses turbine diameter/distance and
wind speed as model inputs, whereas other exogenous data (terrain, roughness, and atmospheric distur-
bance) are discarded.

Data processing techniques

Data processing techniques play a critical role in transforming raw data into smoother sequences,®’
thereby reducing the negative impact caused by incorrect or abnormal data. Commonly adopted data pro-
cessing techniques include data decomposition, dimensionality deduction, and data denoising, further de-
tails of which are given in (Liu et al.).?

Data decomposition

The key to the decomposition technique is to decompose the original data into smoother sub-sequences
using decomposition algorithms, and then to construct predictive sub-models accordingly.®® There are
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Figure 3. The decomposition effects of different decomposition algorithms
(A) Decomposition effect of WD, (B) Decomposition effect of EMD, (C) Decomposition effect of VMD and (D) Decomposition effect of LMD.

four commonly adopted decomposition algorithms, namely wavelet decomposition (WD), empirical
mode decomposition (EMD), variational mode decomposition (VMD), and local mean decomposition
(LMD). The decomposition effects of these four algorithms on the same dataset are shown in Figure 3,
where the experimental data were retrieved from NREL, which is from an offshore wind field in California
(longitude:—124.359, latitude: 41.814) during January 1 to 7, 2012 at 10-min intervals. Figure 3 shows that
the decomposed components of all four decomposition algorithms exhibit smaller variation magnitudes
when compared to the raw data sequence. However, the decompositions performance of different algo-
rithms differs, especially when comparing the overall trends of all components.

To further improve the performance of data processing technique, a series of variants of these four decom-
position algorithms have been derived. Furthermore, the secondary decomposition (SD) technique, which
incorporates individual signal processing techniques, has been developed. A summary of various decom-

position algorithms is given in Table 2.

Dimensionality deduction

The dimensionality deduction technique is to reduce the dimensionality of the input data, thus reducing

the amount of data and the corresponding calculation complexity.

There are two effective dimensionality

reduction techniques: feature selection and feature extraction. Feature selection refers to the selection of
variables from historical input data or decomposed sequences to eliminate redundant information, consist-
ing of correlation analysis, clustering analysis, and phase space reconstruction (PSR). Feature extraction re-
fers to the mapping of features of the original series or generating new features based on the original data.
A variety of dimensionality deduction techniques are summarized in Table 3.

iScience 26, 105804, January 20, 2023
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Table 2. Summary of data decomposition techniques

Algorithms Mechanisms and Categories
WD Decompose the time series into components with different frequency bands, widely adopted techniques
include WD,**“° continuous WT,*® discrete WT,*® empirical wavelet transform (EWT),*’~*? wavelet domain

65,71,72

denoising (WDD),”® wavelet packet decomposition (WPD), wavelet packet transform,”* wavelet transform (WT).”*7

EMD Decompose complex time series into finite intrinsic mode function (IMF). There are several algorithms that
frequently introduced in the literature, including EMD,>”*"** complementary EEMD (CEEMD),**-#
ensemble EMD (EEMD),?”~%? fast EEMD (FEEMD),*>”**”* and the improved CEEMD with adaptive noise (ICEEMDAN).”

VMD Decompose non-stationary series into several band-limited intrinsic mode function through VMD.”’~"""
LMD Decompose the time series into the sum of production function components through LMD."%?
SD Combined with signal processing technologies for secondary decomposition, such as EMD-WPD, "%

FEEMD-VMD,® seasonal information extraction (SIE)-WD,'°® WD-VMD, '/ WPD-CEEMD with adaptive
noise (CEEMDAN),*"'®WPD-FEEMD, '®” VMD-EMD, ''° vMD-wPD." "'

Data denoising

The data denoising technique is to eliminate noise interference by denoising input data, and there
are three denoising techniques involved: singular spectrum analysis (SSA), wavelet threshold
denoising (WTD), and decomposition-based denoising. SSA'”*'? removes noise by extracting the trend
component from the highest frequency sublayer, whereas WTD'?’ extracts noise by setting specific

thresholds. The decomposition-based denoising'?®"*°

is implemented on the basis of decomposition
algorithms, as shown in Figure 4. Specifically, original time series data are initially decomposed into
sub-series by the decomposition algorithm, and high-frequency noise sequences with higher disorder
and non-stationarity are subsequently eliminated by comparing the smoothing of sub-sequences. Finally,
noise information that affects the prediction accuracy is removed, forming new inputs to forecasting

models.

STATE-OF-THE-ART DETERMINISTIC FORECASTING METHOD

Evaluation metrics

The accuracy and effectiveness of deterministic forecasting models are often evaluated using quantitative
indexes. The commonly adopted evaluation metrics are summarized in Table 4, where N denotes the num-
ber of samples, y; denotes the observed wind data, o; denotes the predicted value of wind speed/power,
y and © denote the average of the actual and predicted data, respectively.

Table 3. The summary of dimensionality deduction techniques

Techniques ~ Summary

Feature v Correlation analysis refers to the selection v~ Clustering analysis refers to the selection 1 PSR refers to performing feature
selection of features by analyzing the correlation of features by establishing clusters based on selection by reconstructing the
between features and outputs, and is predictive targets, and commonly adopted vector, and the principal technique
frequently implemented based on cluster algorithms include dilation and erosion involved is PSR.""??°
autocorrelation function''? and partial clustering,16 DPK-medoids clustering,16
113

correlation function (PACF).%7'"?

fuzzy-c-means,’ " grid partitioning,
hierarchical agglomerative clustering,'"*
hierarchical cluster (HC),''"® Kernel-based
fuzzy c-means clustering,''® K-means

114,117 114,118

clustering, spectral clustering.

Feature Several techniques that are frequently

extraction used for the extraction of features,
namely generalized principal component
analysis,'”" Kernel principal component
analysis,"'? and principal component
analysis (PCA)."%12

6 iScience 26, 105804, January 20, 2023
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Figure 4. The process of decomposition-based denoising technique

Classification of deterministic forecasting method

The deterministic forecasting method can be divided into three categories: physical model, statistical
model, and hybrid model,"’"8 as illustrated in Figure 5.

Physical model

Physical models estimate future wind speed or power generation based on meteorological data and phys-
ical information. Forecasts are derived from the mathematical solutions of the transient thermodynamic
and hydrodynamic equations.”’"'*” Physical models are composed of two subcategories: NWP-based
models and spatial correlation models.

NWP-based models use NWP systems to produce wind speed or production power for the next 48 h at a
3-h resolution,'*” where the NWP systems makes predictions by representing topography using conserva-
tion equations and digital elevation model.'*' NWP-based models are generally operated every 6 or
12 h,""? and model output statistics could be introduced to reduce residual errors. For example, Chen
et al."*? established an NWP model based on sampled NWP data provided by the Global Forecast System
to produce wind speed, wind direction, temperature, humidity, and pressure forecasts, achieving better
performance (MAE improved by approximately 9%—14%) than traditional ANN. More references related
to NWP-based models can be found in (Landberg et al., Giebel et al.). 142144

The NWP-based model outperforms the time series model when the forecast horizon ranges from 3 to
6 h,""" whereas its performance is limited when the forecast horizon is from 0 to 2 h.°> Moreover, because
of the complexity of the equations employed and the wide range of predictions, its accuracy is heavily

dependent on the completeness of the initial conditions and the supercomputer operation.'*”

Spatial correlation models®”*%14¢"1%8 exploit local and multi-position spatial correlations to predict wind
speed and power production on time scales ranging from minutes to hours, and are supported by multi-
topography investigations throughout the year. Alexiadis et al. (1999)'*® predicted wind speed and power
generation for up to several hours using consequent averages at upwind sites, with a 20%-40% improve-
ment in average error compared to persistence model. Sahin et al. (2000)'*” estimated regional wind speed
based on functions transformed by wind speed and elevation changes, with an error less than 20%. Dam-
ousis et al. (2004)'"? used nearby wind speed and direction data to forecast wind speed and power gener-
ation for the next 30 min to 2 h, with a performance improvement of 10%-25% compared to persistent
model. Barbounis et al. (2007)'*° conducted a 7-step wind speed prediction (from 15 min to 3 h) using
wind data collected from remote locations, which outperformed other static neural and neuro-fuzzy
models. Ye et al. (2017)°° projected regional wind power using turbine diameter, turbine distance, and
wind speed with an nRMSE of 4.73%.

Physical models perform well in medium- and long-term forecasts'®! but poorly in short-term forecasts, and

thus have not been widely employed for short-term wind forecasting. It should be noted thatin some cases,
outputs from physical models may be used as auxiliary inputs to other models.

iScience 26, 105804, January 20, 2023 7
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Table 4. Commonly adopted evaluation indexes for deterministic models (in alphabetical order)

Metrics

Equations

Implication

Features

Correlation

coefficient (R)'*’

Coefficient of
determination (R?)'%?

Directional change'*?

Index of

agreement (1A)"33

Mean absolute
error (MAE)'3*

Mean absolute
percentage error
(MAPE)' 4135

Mean absolute scale
error (MASE)'°

Normalized
mean absolute
error (NMAE)"®’

Normalized root-
mean-square error
(NRMSE)"*"

Root-mean-square
error (RMSE)* "%

Symmetric mean
absolute percentage
error (SMAPE)'#¢

R = Sty — ¥)(or — ©)
\/Ei\lﬂ(}’t - y)?(or — 0)°

R2 = 1 — Yi e — o)’
Zi\lﬂ()’t -y

DC = ﬂ N;1at

—12at=1
o = %1(Ot+1 —y)ee1 —y) <0
! 1,(0t41 = y)(ye+1 — y1) >0

Zflz (o — }’t)z

A=1-
S (e = 7+ lye = 71)°

1 N
MAE = 5> lye — o

MAPE = %ZL Yo~ % x 100%
1 N Yt — Ot ‘
MASE = NZM - . ‘
N7 1lve = vl
1 N
N Dioqlve — ol
nMAE = N2 x 100%

1 /1 N
nRMSE = — Nt

<

1 N
RMSE = /5 S — o)

smapE = Ly e o

— X 100%
N 2=t=1(y + [or])/2 )

(y: — 01)? x 100%

R varies between —1 and 1. The
closer R is to one, the better the
linear correlation between the

predicted and actual values.

R? varies between zero and infinity.
The best value of R? is one, which
represents the best fit to the data.

DC varies between zero and infinity,
which can reflect the prediction
movement directions or turning points
of the forecasting model.

|A varies between zero and one.

The agreement value of 1 indicates

a perfect match, and 0 indicates no
agreement at all.

MAE varies between zero and infinity,
and a smaller MAE denotes higher
prediction accuracy.

MAPE varies between 0 and 100%.
0%-10% denotes high accuracy,
10%-20% denotes good performance,
20%-50% denotes a reasonable
prediction, 50%-100% denotes a

poor result.

MASE varies between zero and infinity,
with values below one denoting a better
prediction performance.

nMAE varies between 0 and 100%.
Smaller nMAE denotes higher
forecasting accuracy, and nMAE equals
to zero indicates a perfect model.
nRMSE varies between 0 and 100%.
0%-10% denotes excellent accuracy,
10%-20% denotes good accuracy,
20%-30% denotes logical accuracy,
30%-100% denotes relatively poor
accuracy.

RMSE varies between zero and infinity.
Smaller values denote higher forecasting
accuracy, and values equal to zero
indicate perfect models.

SMAPE varies between 0 and 100%.
0% denotes a perfect result, while a

higher value denotes an inferior one.

The correlation coefficient is

invariant to scaling and shifting.

The coefficient of determination
cannot fully reflect the predictive
capability of the model.

DC samples data points at

their peaks and troughs in

their movement.

IA can detect proportional
differences in the observed
and simulated means and
variances.

MAE is more sensitive to
extreme values than other

metrics.

MAPE is expressed as a
percentage, making the
interpretation of results

easier than other metrics.

MASE has the advantage
of being robust and stable.

nMAE can provide a superior
measure of predictive accuracy,
and it avoids scale dependency.

nRMSE is not always reliable
for finding the best model,
especially for small samples.

RMSE is pretty sensitive to

outliers in the data.

SMAPE is symmetric, which
can better avoid the bias
caused by small values in
real data.

Statistical model

Statistical models regress the relationship between input variables (e.g., past lagged values) and

output variables (e.g., future predictions), which are commonly used in short-term wind predictions,

including time series analysis-based models, Kalman filter models, and machine learning-based

models."?

8 iScience 26, 105804, January 20, 2023
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Figure 5. Classification of the deterministic forecasting method

Time series analysis-based model. The time series analysis-based model make predictions according
to the autocorrelation of wind data. The predictors frequently used in the literature are autoregressive
moving average model (ARMA), autoregressive integrated moving average model (ARIMA), ARIMA
with the explanatory variable model (ARIMAX), fractional-ARIMA, seasonal ARIMA (SARIMA), and poly-
nomial autoregressive model. Torres et al. (2005)">° established an ARMA to achieve 10-h-ahead wind
forecasts. Kavasseri et al. (2009)'>* proposed a fractional-ARIMA model to obtain one-day and two-
day ahead wind forecasts. Erdem et al. (2011)'*° developed an ARMA to realize 1-h ahead wind speed
forecast. Guo et al. (2010)"*° performed wind speed forecasting by introducing a SARIMA model. Shi
et al. (2011)"*’ proposed an autoregressive ARIMA based on direct and indirect approaches to predict
power generation. Lydia et al. (2016)'*° predicted 1-h-ahead wind speed using exogenous variables
(wind direction, wind shear, and temperature) based on an ARMA model. Karakus et al. (2017)"*"
established a PAR to forecast the wind speed/power for the next day, with nMAPE improved by about
4%-10%. In recent studies, time series analysis-based models have been used in combination with other
models. For example, Camelo et al.”” combined the ARIMAX with a machine learning-based model for
monthly and hourly wind speed forecasting.

Kalman filter model. The Kalman filter (KF) model estimates the state of the process by minimizing er-
rors while recursively combining observations with the latest projections, and thus approximate unknown
variables contaminated by Gaussian noise.'®” Liu et al. (2012)'°" proposed a KF model initialized by
ARIMA to predict wind speed. Poncela et al. (2013)'*” developed KF models using hourly historical po-
wer and NWP data for wind power prediction from 0 to 30 h. Chen et al. (2014)'%* conducted wind speed
predictions based on the estimated states derived using KF. Zuluaga et al. (2015)'*" applied three Kal-
man filters to predict short-term wind speed. KF can also be adopted for data assimilation, especially for
improving weather forecasts based on the NWP model. Crochet et al. (2004)'“° developed a KF proced-
ure to improve the accuracy of 10-meter wind speed forecasts from the NWP model. Louka et al.
(2008)'%° introduced KF as a post-processing method to remove systematic errors in NWP forecasts. Cas-
sola et al. (2012)"®” employed KF to decrease the inherent flaws in NWP models with prediction horizons
of 6,12, 18, 24, and 36 h. Williams et al. (2013)'¢® adapted KF to promote the observation capability of
the NWP system. Stathopoulos et al. (2013)"¢” utilized KF to reduce potential biases in regional atmo-
spheric systems.

Machine learning-based model. Machine learning-based model makes predictions by learning the
intrinsic relationships between input and output data rather than using mathematical methods for
acquiring statistical information,’”®which can be further classified into shallow predictors-based method
and deep learning-based predictors method.*?

The shallow predictors-based method is established based on shallow neural networks, and there are four
representative predictors involved, including ANN, extreme learning machine (ELM), SVM, and fuzzy logic
model, as illustrated in Figure 6. For example, Cadenas et al. (2009)""" and Fadare et al. (2010)"7? applied
ANN to predict short-term wind speed with hourly data. Wang et al. (2018)”® used the ELM model to predict
wind speed with a 10-min prediction horizon. Li et al. (2021)'"® achieved short-term wind power prediction
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Figure 6. The schematic configurations of four representative shallow neural networks
(A) Configuration of ANN with three layers, (B) ELM architecture, (C) Configuration of SVM and (D) General ANFIS architecture.

using the ELM model. Hu et al. (2022)""* proposed SVM-based wind speed prediction models based on
daily wind speed data. Fuzzy logical models are developed through the combination of fuzzy logic and
neural networks. Monfared et al. (2009)'"° applied fuzzy logic to ANN for the prediction of wind speed.
Mohandes et al. (2011)'7¢ and Osério et al. (2015)""/ adopted an adaptive neuro-fuzzy inference system
(ANFIS) for wind speed and wind power prediction. Ma et al. (2017)""® implemented wind speed prediction

using the generalized dynamic fuzzy neural network.

Deep learning-based predictors method introduces deep learning techniques with powerful learning ca-
pabilities.w9 The predictors including autoencoder (AE), restricted Boltzmann machine (RBM), deep neural
network (DNN), convolutional neural networks (CNN), and transfer learning (TL) have been widely adopted,
as shown in Figure 7. Owing to the superior performance of deep predictors over shallow predictors, the
application of deep learning-based predictors method for wind forecasting has been greatly promoted.
Dalto et al. (2015)'®° conducted ultra-short-term wind speed prediction using measured wind data with
a temporal resolution of 10 min. Liu et al. (2015)'®" developed a CNN-based model for ultra-short-term
wind power forecasts. Santhosh et al. (2019),'¢? Khodayar et al. (2019),"®% and He et al. (2022)'% applied
DBN for short-term, 1-24 h ahead, and ultra-short-term wind speed predictions, respectively. Bourakadi
et al. (2022)'® proposed an AE model to predict short-term wind power using wind speed and power
data at 1-h intervals. It is worth mentioning that CNNs are often employed as data pre-processing tools
for other models, owing to their excellent feature extraction capability. For example, Ji et al. (2022)'%¢ e
tablished a CNN-gate recurrent unit (GRU) model for wind speed prediction, where CNN was used to
extract characteristic input vectors.

S-

186

TL is a novel machine learning approach for tackling issues in domains with distinct but relevant tasks, *° thus
enabling wind prediction based on forecasts of nearby locations. Machine learning techniques (especially
DNNSs) are generally adopted as predictors. For example, Hu et al. (2016)'® and Liu et al. (2021)'® developed
DNN-based models through transfer learning to provide short-term predictions on wind speed and wind power.
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Figure 7. The structures and schemes of five categories of deep learning technologies
(A) Structure of the traditional AE, (B) Structure of DBN, (C) Structure of DNN with n hidden layers, (D) Scheme of TL and (E) Basic structure of CNN.

Dedicated to improving performance of machine learning-based models, conventional predictors such as
ANN and DNN have been improved by improving the internal structure of predictors or by integrating
other effective mechanisms. More details of machine learning-based models are summarized in Table 5.

Hybrid model

Hybrid models perform predictions by combining the advantages of multiple prediction models, which can
be divided into metaheuristic optimization-based model and ensemble learning-based model.

Metaheuristic optimization-based model. The metaheuristic optimization-based model is to intro-
duce metaheuristic algorithms for model construction. Earlier models were mainly based on traditional
metaheuristic optimization algorithms, such as Particle Swarm Optimization (PSO), whose performance
can be improved by two effective means. One is to apply new metaheuristic algorithms to the wind fore-
casting field, which can be achieved by introducing metaheuristic algorithms applied in other domains
or by designing novel optimization algorithms. Another is to upgrade existing algorithms to enhance
the overall performance, which can be achieved by using operators from other algorithms, adding mech-
anisms from other domains, or modifying optimization procedures of the existing algorithms.
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Table 5. Variants of the conventional shallow and deep learning-based prediction methods

Predictors Variants and references

Shallow predictors-based method

ANN Adaptive linear element,'®? back propagation neural network (BPN N),"¢7179 Elman neural network (ENN),"*®

192 193,194

echo state network (ESN),'”" generalized regression neural network (GRNN), = multi-layer perceptron (MLP),

wavelet neural network (WNN),'?" radial basis function neural network (RBFNN)'&%172

ELM Hysteretic ELM (HELM),”” kernel ELM (KELM),'”® online sequential outlier robust ELM,""" outlier robust ELM,"?
regularized ELM (RELM)'?’

SVM Core vector machine,'7e-SVM, "¢ evolutionary SVM,'?7 Least square SVM (LSSVM),”® reduced support

vector machine,'??v-SVM'7¢

Deep learning-based predictors method

290 stacked denoising autoencoder,””’

203

AE Rough stacked autoencoder,”” rough stacked denoising autoencoder,
202

staked independent recurrent autoencoder,
CNN Convolutional LSTM (ConvLSTM),?°* convolutional SYM?%°
DNN Bidirectional GRU,?%® gate recurrent unit (GRU),?°7:208 long short-term memory (LSTM),B4?97-212 minimal

gated memory,”'® recurrent neural network (RNN),”'* stacked ELM (SELM),”'® stacked RNN“%®

stacked sparse autoencoder

Adopting metaheuristic optimization algorithms have two essential functions: model parameter optimiza-
tion and coefficients determination. From the perspective of optimizing parameters within the models,
most algorithms are adopted to update the weights and biases of given prediction models. In some cases,
these algorithms can be used to determine internal parameters of the model, such as the number of layers
or the size of neurons of neural networks. Determining the optimal coefficients can be further classified as
two types of functions: those introduce decomposition algorithms for data processing, and those establish
predictive systems by combining individual models. The former introduces optimization algorithms to
search for optimal coefficients to superpose forecasting results of each decomposed component, whereas
the latter uses optimization algorithms to determine the best solution for combining individual models.
Moreover, some models are developed by introducing both decomposition algorithms and combined
prediction systems, where metaheuristic optimization algorithms are utilized to determine the optimal pre-
diction model for each sub-series. A summary of relevant metaheuristic optimization-based models is pre-
sented in Table 6.

Ensemble learning-based model. Ensemble learning-based models are combinations of different pre-
dictive models with various existing technologies (e.g., data processing and optimization strategies), which
generally outperform traditional forecasting models. Table 7 presents representative ensemble models
and an exhaustive comparison among them. The model improvement range (Imin ~ Imax) is calculated us-
ing the evaluation metric (e.g., MAE, MAPE, NMAE) of the proposed ensemble model, and the minimal and

maximal metric values of the benchmark models.'"?°%:252
Vi min — V,
Imin = Zbmin — *p (Equation 1)
Vb.min
V max — V .
Imax = Zomax = 7p (Equation 2)
Vb,max

where Vp min and Vp, max denote the minimal and maximal metric values of the benchmark models, V, de-
notes the metric value of the proposed ensemble model.

Comparison of deterministic forecasting models

The comparison of different subcategories of deterministic forecasting methods is summarized in Table 8.

STATE-OF-THE-ART PROBABILISTIC FORECASTING METHOD
Evaluation metrics for probabilistic models

A variety of evaluation metrics have been proposed to evaluate the performances of probabilistic fore-
casting models based on distribution, quantile, or intervals.
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Table 6. The summary of the metaheuristic optimization-based models (in alphabetical order)

Algorithms Mechanisms Reference models Optimization variables

Artificial bee Deriving from the honey harvesting RVM-ABC?'® Kernel parameters of RVM models.

colony (ABC) mechanism of bees, individuals are BPNN-Improved Weight and threshold values of BPNN.
updated according to the greedy ABC (IABC)?'7

Atomic search

algorithm

Bald eagle

search

Bat algorithm

Charged system
search (CSS)?°

Clonal selection

algorithm

Coral reef

optimization

Cuckoo search

Differential

evolution

Dragonfly algorithm

Extremal

optimization (EO)

Firefly algorithm

strategy to identify individuals to
be abandoned.

Deriving from the atoms displacement
in a molecular system, individuals are
updated by sequentially updating
acceleration, velocity, and position.
Deriving from the intelligent social
behavior of bald eagle fishing,
individuals are updated by dividing
the movement into three phases.
Deriving from the echolocation of bats,
individuals are updated based on the

speed, position, and loudness.

Deriving from the electrostatics law
in Coulomb and Gaussian physics,
individuals are updated based on
fitness value and separation distance.
Deriving from the cell proliferation
and differentiation after contact with
the antigen, individuals are updated
by adjusting affinity.

Deriving from the colony behavior
of coral polyps, individuals are
updated by modeling and simulating
different processes.

Deriving from the brood parasitism
behavior of certain cuckoo species,
individuals are updated based on

random updates.

Proposing for solving real number
optimization problem, individuals are
updated based on mutual cooperation
and competition.

Deriving from the behavior of
dragonflies in search of prey,
individuals are updated by constantly
changing the position vector X and

direction vector AX.

Deriving from the self-organizing
key evolution model, individuals

are updated based on species with
minimal fitness values.

Deriving from the flickering behavior
of fireflies, individuals are updated
by moving particle to better position

ones.

SVM-Improved atomic

search algorithm?'®

VMD-Combined
models-Multi-objective

bald eagle search’'”

GRNN-Improved bat

algorithm'”?

Hybrid model-CSS°%°

WNN-Improved clonal

selection algorithm?’

ELM-coral reef

optimizatior1222'223

GMDH-Multi-
objective cuckoo

search optimization”**

SVR-Hybrid improved
cuckoo search?”

Immune selection
multi-objective
optimization dragonfly

algorithm?%®

SVM-Improved
dragonfly algorithm?®

EnsemLSTM-EQ??’

MLP-firefly algorithm??®

Parameters of SVM.

Optimal weights for sub-models,
which is composed of ENN, ARIMA,
LSSVM, GMDH, ELM, BPNN, and LSTM.

Weights between layers and thresholds
of the hidden layer of neural networks.

Weight coefficients of individual
models, including ANN, ANFIS,
and LSSVM.

Free parameters of WNN.

Optimal set of meteorological
variables from the WRF.

Partial description coefficients of
GMDH networks.

Parameters of penalty function and
kernel function in SVR.

Weights of four components, which
is composed of ARIMA, BPNN, ENN,
and ELM.

Parameters of SVM.

Parameters of top-layer SVRM.

Parameters of MLP.

(Continued on next page)
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Table 6. Continued

Algorithms

Mechanisms

Reference models

Optimization variables

Flower-pollination

algorithm

Genetic
algorithm (GA)

Gray wolf
optimization (GWO)

Harris hawks
optimization (HHO)

Imperialist
competitive

algorithm

Marine predator

algorithm

Mayfly
Algorithm (MA)

Multi-verse

optimization

PSO

Salp swarm
optimizer (SSO)

Deriving from the pollination process
of flowering plants, individuals are

updated based on the conversion probability.

Deriving from the biological evolution
process of natural selection and genetics
mechanism, individuals are updated by
repeatedly modifying the group composed
of individual solutions.

Deriving from the predation activities of
gray wolves, individuals are updated by
allowing individuals to move to the best

three individuals in the group.

Deriving from the collaborative behavior
and chasing style of Harris hawks,
individuals are updated based on search
phrases, search transitions, and
developmental stages.

Deriving from the imperialist colonial
competition mechanism, individuals

are updated through assimilation

and mutation.

Deriving from the natural behaviors

of prey and predator to solve complex
optimization and engineering problems,
individuals are updated based on
stochastic strategy on three stages.
Deriving from the group behavior

of mayflies, individuals are updated

by randomly scattering in

d-dimensional space.

Deriving from the parallel universes,
individuals are updated through the
detection of white holes and black
holes, and the mining of wormholes.
Deriving from the way birds and other
groups cooperate to search for food,
individuals are updated based on

the experiences of particles.

Deriving from the foraging activities
of bee colonies in the ocean,
individuals are updated by the leader
leading the crowd and the crowd

following the leader.

14 iScience 26, 105804, January 20, 2023

CEEMDAN-Combined
model-flower-pollination

algorithm®’

EEMD-GA-LSTM?*?

VMD-GWO-ELM?*°

CEEMDAN-Multi-
objective GWO-KNEA?'

KELM-Improved
GWO (IGWO)**

Improved multi-
objective GWO?**

PSR-KELM-HHO?**
KELM-Improved HHO?*”

ANN-Imperialist

competitive algorithm’*

ANFIS-Improved MPA”*

VMD-combined models-
Multi-objective MAZ*/

Combined models-
Multi-objective multi-

verse optimization®*®
ANN/NNS-PSO**?
ANFIS-PSO**

LSSVM-PSO?*"
ESN-multi-objective PSO?*?

EEMD-Multi-objective
SSO (MOSSO)-Combined

system?*?

Optimal weight coefficients of the combined
model based on BPNN, RBFNN, GRNN,
WNN, and ENN.

Appropriate IMFs as the features set for
LSTM training.

Parameters of PSR and the number of hidden
neurons in ELM for each component.

Parameters of KNEA.

Parameters of KELM.

Parameter of ANN models (SVM, GRNN,
BPNN, ANFIS, LSTM, and NARNN).

Parameters of PSR and KELM.
Parameters of KELM.

Parameters of ANN.

Optimal weights' values between
Layer 4 and Layer 5 of ANFIS.

Optimal weight coefficients for integrating

the forecasting values of the sub-series.

Combination strategy of member models,
consisting of BPNN, ELM, and biLSTM.

State vectors and internal parameters
of ANN/NNS.

Parameters of membership functions
in ANFIS.

Parameter of LSSVM.
Parameter of ESN.

Optimal weight of individual forecasting
systems, namely BP, RVFL, ENN, and GRNN.

(Continued on next page)
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Table 6. Continued

Algorithms Mechanisms Reference models Optimization variables
Tabu search Deriving from the merit-seeking BPNN-Tabu search Parameters of BPNN.
algorithm features of humans with memory algorithm?**

functions, individuals are updated

by comparing a series of search

directions.
Whale optimization Deriving from the behavior of whales Elman NN-MOWOA'** Weights and thresholds of Elman NN.
algorithm (WOA) surrounding their prey, individuals are MLP-WOAZ45 Parameters of MLP.

updated by selecting the optimal

individual or randomly choosing individuals.

Distribution evaluation

Skewness and kurtosis”> are two metrics used in parametric methods to evaluate patterns of distributions.
Specifically, skewness (s) is used to measure distribution symmetry, whereas kurtosis (k) evaluates the
height and sharpness of the central peak in the distribution:

s = E(&) /o (Equation 3)

k = E(¢*) /0" (Equation 4)

where ¢ and € denote the SD and prediction error, and E denotes the expectation operator.

Quantile evaluation

Average proportion deviation (PD) and scoring rule (57>

are two important indicators in nonparametric
methods, which can evaluate the reliability and sharpness of predicted quantiles. An average proportion
closer to zero signifies more reliable results whereas higher scoring values signify superior performance.

The expressions of average proportion deviation and scoring rule are as follows.

1 .
PDqg = ?E ::1nt - (Equation 5)
Sor =Y (MHy <37} —a)(ye — G7) (Equation 6)
i=1
1T )
Sa = TE L _1oat (Equation 7)

where T denotes the number of forecasting samples, 7, denotes the quantile indicator, « denotes the nom-
inal proportion, g; denotes the estimated quantile.

Interval evaluation

Interval results from probabilistic forecasting models are primarily evaluated according to five metrics,
including prediction interval coverage probability (PICP), prediction interval normalized averaged width
(PINAW)/prediction interval normalized root-mean-square width (PINRW), average coverage error (ACE),
coverage width criterion (CWC), and interval normalized average deviation (INAD).

PICP?*® and PINRW/PINAW?>/?%° are two types of fundamental evaluation indexes, where PICP
evaluates the total probability of the actual value falling within the interval, whereas PINAW/PINRW
evaluates the width of the interval. When PINAW/PINRW reaches high levels, the PICP can be very
large (perhaps even 100%), which reduces the reliability of the predictive results. However, when
the PINAW/PINRW is too small, the resulting PICP may not match the expected prediction
interval nominal confidence (PINC). In this case, the discrepancy between PICP and PINC can be eval-
uated using average coverage error (ACE)**' index. The formulas for PICP, PINAW/PINRW, and
ACE are,

i=1

PICP = (l Zq> X 100% (Equation 8)
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Table 7. Summary of representative ensemble learning-based models (in alphabetical order)

SS300V N3dO

Model Data source Input Output Interval Step Benchmark Improvement
ARIMA-ANN?# Isla deCedros, Cerro Wind speed ~ Wind speed 1h Singlestep ARIMA, ANN 0.5057-1.2555 (MAE)
de la Virgen, Holbox
ARIMA-ANN®? Fortaleza and Wind speed,  Wind speed 1 month, 1h Singlestep ARIMA, ARIMAX, HW, ANN 1 month: —0.2%-2.76%, 1 h:
Natal, Brazil pressure, 6.74%-18.81% (MAPE)
temperature,
precipitation
ARIMAX-ANN®? 1 month: 0.45%-2.26%, 1 h:
7.58%-20.15% (MAPE)
CEEMDAN-SSA- Sichuan, China Wind speed Wind speed 1h 3-step-ahead Persistence, ENN, ARIMA, 1-step: —1.32%-51.82%, 2-step:
ENN?/ EMD-RAIMA 5.92%-85.27%, 3-step:
11.26%—-99.63% (MAPE)
CNN-GRU?*® Inner Mongolia, China ~ Wind speed ~ Wind speed 15 min 3-step-ahead MLP, random forest regression, 1-step: 0.22%-3.83%, 2-step:
SVR, causal convolutional 0.17%-4.24%, 3-step:
network, GRU 0.22%—-4.79% (MAPE)
EEMD-PACF- Zhangjiakou, China Wind speed Wind speed 5 min Singlestep ARIMA, BPNN, LSTM, GPR, 0.19%-15.55% (MAPE)
LSTM-GPR®’ EEMD-LSTM, EEMD-GPR
EEMD-SSA-ENN*/ Sichuan, China Wind speed ~ Wind speed 1h 3-step-ahead Persistence, ENN, ARIMA, 1-step: 1.69%-54.83%, 2-step:
EMD-RAIMA 5.61%-85.77%, 3-step:
9.67%—-84.25% (MAPE)
ELM-ICEEMDAN- Zhangye regions, China  Wind speed Wind speed 10 min Singlestep ELM-EMD-ARIMA, ELM-EEMD- 0.3746%-4.0833% (MAPE)
ARIMA™® ARIMA, ELM-CEEMDAN-ARIMA
EMD-SSA-ENN?47 Sichuan, China Wind speed Wind speed 1h 3-step-ahead Persistence, ENN, ARIMA, EMD- 1-step: —1.77%-51.37%, 2-step:
RAIMA 3.17%-83.04%, 3-step:
5.40%-87.92% (MAPE)
ESN-PSR**? Jiangsu, China Wind power  Wind power 10 min 3-step-ahead ANN, add-weighted one-rank 1-step: 0.02%~1.63%, 2-step:
local-region, gray model, PSO- 0.03%-1.67%, 3-step:
based nonlinear gray Bernoulli —0.08%-2.06% (NMAE)
model
EWT-LSTM-ENN®® China Wind speed ~ Wind speed 1h 3-step-ahead ARIMA, BPNN, GRNN, LSTM, 1-step: 0.35%—6.09%, 2-step:
ENN, EWT-ENN, WPD-LSTM- 1.10%-7.22%, 3-step:
ENN, EMD-LSTM-ENN 0.34%-7.21% (MAPE)
HC-VMD-GA-BPNN''® Changma, China Wind speed Wind speed 10 min Singlestep BPNN, RBF, Elman, GA-BP, 5.92%-12.70% (MAPE)

HC-GA-BP

(Continued on next page)
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Table 7. Continued

92UBI0GI

Model Data source Input Output Interval Step Benchmark Improvement
Holt-Winters Fortaleza and Wind speed Wind speed 1 month, 1 h Singlestep ARIMA, ARIMAX, HW, ANN 1 month: —1.52%-0.74%,
(HW)-ANN™? Natal, Brazil 1 h: —0.8%-12.87% (MAPE)
LSSVM-PSR**? Jiangsu, China Wind power  Wind power 10 min 3-step-ahead ANN, add-weighted one-rank 1-step: 0.04%~-1.65%, 2-step:
local-region, gray model, 0.06%-1.64%, 3-step:
PSO-based nonlinear gray 0.45%-2.59% (NMAE)
Bernoulli model
LSTM-HELM-DE>® Inner Mongolia, China Wind speed Wind speed 10 min, 1 h Singlestep ARIMA, ANN, SVR, ELM, LSTM 0.16002%-1.41506% (MAPE)
LSTM-SVR-EO??’ Inner Mongolia, China ~ Wind speed ~ Wind speed 10 min, 1h Singlestep ARIMA, SVR, KNN, ANN and 10 min: 0.0745%-1.0900%,
gradient boosting regression tree 1 h: 0.6468%-3.6227% (MAPE)
PACF-EMD-feed- Zhangye, China. Wind speed Wind speed 1 month, 24h 12-step (monthly), FNN, EMD-FNN 1 month: 3.10%-3.76%, 24h:
forward neural 10-step (daily) 3.89%-12.55%
network'#®
RELM-PSR**? Jiangsu, China Wind power  Wind power 10 min 3-step-ahead ANN, add-weighted one-rank 1-step: 0.39%-2.00%, 2-step:
local-region, gray model, 0.37%-1.95%, 3-step:
PSO-based nonlinear gray 0.40%-2.54% (NMAE)
Bernoulli model
SARIMA-PCA- Macau and Petrolina, Temperature, Wind speed 6 h 4-step-ahead SARIMA, SARIMA-Wavelet, NN 1-step: 0.25-0.92,2-step:
balancing-ANN?*° Brazil humidity, 0.11-0.90, 3-step: 0.18-1.05,
pressure, 4-step: 0.25-1.10 (MAE)
direction,
wind speed
SIE-WD-GA-SVR'%® Gansu, China Wind speed Wind speed 1h Singlestep BPNN, SVR, SIE-BPNN, SIE-SVR 0.0250%-0.5488% (MAPE)
Time varying filter- Sotavento Galicia, Wind speed Wind speed 10 min for 3-step-ahead SVR, KELM, LSTM, ConvLSTM, 1-step: 1.6336%-20.4800%,
based EMD-fuzzy Beresford Sotavento Galicia, EMD-KELM, EMD-ConvLSTM, 2-step: 0.1780%-37.1696%,
entropy-SSA-KELM- 1 h for Beresford CEEMDAN-KELM, CEEMDAN- 3-step: 0.6657%-51.4949%
HHO and GWO- SSAPSR-KELM, CEEMDAN- (MAPE)
ConvLSTM?*' SSAPSR-FS-KELM-MHHOGWO
VMD-SSA-LSTM- China Wind speed Wind speed  1h 5-step-ahead ARIMA, LSTM, ELM, VMD-ELM, 1-step: —0.93%-3.61%, 2-step:

ELM‘\24

VMD-LSTM-ELM, EMD-SSA-
LSTM-ELM, WPD-LSTM-ELM

—0.62%-6.47%, 3-step:
—0.20%-9.11%, 4-step:

0.15%-11.24%, 5-step: %
0.28%-13.02% (MAPE)
(Continued on next page) % 0
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Table 7. Continued

SS300V N3dO

Model Data source Input Output Interval Step Benchmark Improvement
VMD-SSA-PSR- Sotavento Galicia, Wind speed Wind speed 10 min for Sotavento  Singlestep GS-SVM, GS-BP, GS-ELM, —0.3577%-18.4725% (MAPE)
GWO-sine cosine Inner Mongolia Galicia, 30 min for IHGWOSCA-PSR-ELM, SSA-

algorithm-PSR- Inner Mongolia IHGWOSCA-PSR-ELM, OVMD-

ELMZ*° SSA-CC-PSR-ELM, EMD-

IHGWOSCA-PSR-ELM, OVMD-
IHGWOSCA-PSR-ELM, EMD-SSA-
IHGWOSCA-PSR-ELM
3-step-ahead 1-step: —0.3577%—-18.4725%,
2-step: —0.6747%-32.3794%,
3-step: —0.1985%-31.4509%

(MAPE)
WDD-WPD-ARMA- / Wind speed Wind speed 20 min 5-step-ahead ARIMA, BPNN, Elman, ELM, 1-step: 0.02%-10.36%, 2-step:
EMD-ELM-Outlier WPD-ELM 3.00%-10.75%, 3-step:
Correction Method”® 4.76%-10.46%, 4-step:

3.06%~7.77%, 5-step:
2.59%-8.90% (MAPE)
WTD-RNN-ANFIS'?/ / Wind speed ~ Wind speed 15 min 3-step-ahead ANN, SVM, RNN, WTD-ANN, 1-step: 0.0473-0.3116, 2-step:
WTD-SVM, WTD-RNN 0.0811-0.3872, 3-step:
0.7118-0.3386 (MAPE)
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Table 8. Comparisons between different categories of deterministic forecasting methods

Categories

Inputs

Horizons

Merits

Drawbacks

Physical model

NWP model

Spatial correlation

model

Forecasted meteorological
values (wind direction, ambient
temperature, surrounding
humidity, etc.)

Wind data, exogenous

data (wind direction, turbine
diameter/distance, etc.)

Medium term,

long term

Short term,
medium term

It has superior performance
than time series models within
the time horizon ranging from
3toéh.

It fully considers physical
information in nearby regions.

Limited effect during forecast
period between 0 and 2 h,
and the accuracy depends

on initial conditions.

Suffering from a high demand
for historical data in the
simulation of complex

spatiotemporal changes.

Statistical model

Time series analysis-

based model

Kalman filter model

Machine learning-

based model

Hybrid model

Wind data, exogenous data
(wind direction, wind shear,
temperature, etc.)

Wind data, NWP data

Wind data, exogenous

data such as temperature

Wind data, exogenous
data (humidity, pressure,
direction, etc.)

Short term, medium

term, long term

Medium term,

long term

Ultra-short term,

short term

Ultra-short/short/

medium/long term

It can provide accurate
predictions for mean wind
speed by simple calculations.

It has been extensively utilized
in complicated physical models

for meteorological purposes.

It has a strong learning ability
and can better adapt to complex

nonlinear relationships.

It can achieve superior predictive
performance by combining a

variety of techniques.

Frequently used for ultra-short-
term forecasting rather than
long-term forecasting.

Given its linear form and the
discontinuity of wind series in
certain cases, its application

in the field of wind forecasting
may be erroneous.

Restricted to short-term
forecasts as it may not perceive
hidden information with long-
term dependence.

The trade-off between

forecast accuracy and
predictive efficiency remains

to be retrieved.

|

0 y,'$(L,'7U,')
1 yie (L,'7 U,)

(Equation 9)

(Equation 10)

PINAW = l (U,- —L,-> x 100%
nR =
1T 11E 5
PINRW = —\/— (U — L)* x 100%
RV n &
ACE = PICP — PINC

(Equation 11)

(Equation 12)

where n denotes the number of samples, U; and L; denote the upper bound and lower bound, y; denotes
the observed wind speed/power value, R denotes the target variable range of maximum and minimum

values.

In view of the contradiction between interval coverage and interval width, a comprehensive index named
CWC?"7%? was developed and further improved to better assess the overall performance of prediction
models. The original and improved CWC expressions are as follows.

PINAW (PICP > PINC)

(Equation 13)

CWCoriginal = { PINAW + exp(n(PINC — PICP))(PICP <PINC)

7, -PINAW (PICP > PINC)

CWCimproved = {(0.1 + m,-PINAW )[1 + exp(n,(PINC — PICP))](PICP <PINC)  (Equation 14)
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Parameter method ]— Gaussian distribution, Normal distribution, Weibull distribution...
QR-based method
Probabilistic forecasting Typical . hod
ypical nonparametric metho Bootstrap-based

Non-parameter method o
Traditional LUBE
The LUBE method }_[ Advanced LUBE

Figure 8. The classification of the probabilistic method

where 7, is used to magnify PINAW and 7 and 7, are used to magnify the difference between PICP and
PINC.

INAD?*¢ describes the deviation of observed values from the prediction interval, reflecting the reliability of
the prediction model to a certain extent, with smaller INAD indicating lower deviations. The formulas of
INAD are,

INAD = %Z & (Equation 15)
u7 yi <L

E = O,y; € (L,‘, U,) (Equation 16)
=Yy,

i
where ¢; denotes the deviation value, n denotes the number of samples, U; and L; denote the upper and
lower bounds, and y; denotes the observed wind speed/power.

Classification of probabilistic forecasting method

Probabilistic forecasting methods estimate wind speed/power in the form of probability density or prob-
ability interval,”*****which is composed of parametric and nonparametric methods”*>?*® as shown in
Figure 8.

Parametric method

The parametric method is implemented by assuming that prediction errors or wind fluctuations obey a
certain probability distribution, which can directly output probability intervals under different confidence
levels, or obtain residual distributions of wind speed/power through the probability density function. A va-
riety of distribution functions have been proposed, because a particular distribution function cannot be
adapted to all forecasting scenarios. The representative distribution functions and the corresponding liter-
ature are summarized in Table 9, where p and v respectively denote wind power and wind speed. Note that
the parametric method cannot determine the accuracy of the presumed distributions and therefore cannot
guarantee the validity of the predictive results.

Nonparametric method

The nonparametric method is essentially a data-driven method that requires a large number of samples
and densities or quantiles for estimation, which can be divided into typical nonparametric methods and
LUBE methods.

Typical nonparametric method. Typical nonparametric methods train NNs by minimizing error-
based cost functions, of which quantile regression (QR) and bootstrap are two commonly used tech-
niques. Bremnes et al. (2004)**° conducted probabilistic wind power forecasts with 24-47 h forecast

20 iScience 26, 105804, January 20, 2023
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Table 9. Summary of representative distributions in parametric methods (in alphabetical order)

Distribution/References Variable Horizon Output Result
Beta distribution”®’ p 1h, 24h Distribution of wind power error The curve is symmetric.
Beta distribution®®® P 10 min Interval of wind power The coverage reaches 95% with narrower prediction interval.
Beta distribution?®” 6h, 48h Interval of wind power Intervals of the expected actual power may be derived
p p P! P! y

for various confidence levels based on probability distributions.

Cauchy distribution®’® P 15 min Interval of wind power It can achieve more accurate modeling of the true wind
y p 9

power output confidence intervals.

Gamma distribution””’ v 6h Distribution of wind speed It provides an adequate and unified description almost
P! R q p

everywhere.

Gaussian distribution”>* p 1-12h Distribution of wind power error Its distribution is approximately symmetric with a kurtosis
p pp Y syl

of exact 3.

Gaussian distribution®’? v/p 12h Distributions of wind Distributions of wind speed are systematically, while that
p Y y
speed/power errors for wind power are typically not symmetric with a large peak.
Gumbel distribution®’* v 24 h Distribution of wind speed Gumbel distributions based on the maximum likelihood
P

estimates has superiority on modeling.
Kappa distribution®’* v 1h Distribution of wind speed It can obtain the best performances for one-component

parametric models.
Logit-normal p 10 min Distribution of wind power It shows superiority over classical assumptions about the
distribution?’* shape of predictive densities.
Lorenz disturbance v 10 min Interval of wind speed Its interval estimations have great prediction accuracy at
distribution®’® 95 and 80% confidence level.
Mixed distribution”’” p 1h Distribution of wind power error It is a far better approximation to the actual data, and is

a good approximation (especially within the limit on outliers).
Normal distribution”’® p 10 min Distribution of wind power error  The error distribution is likely symmetric
Rayleigh distribution®’” v 1 min Distribution of wind speed Its accuracy is lower than Weibull predictions are in overall.
Versatile distribution?*° P / Distribution of wind power error It can well represent the distribution of wind power forecast

errors for all forecast timescales and magnitudes.
Weibull distribution?®! v 1h Distribution of wind speed/power It better fit to the measured probability distributions, and

returns smaller error values in calculating the power density.
Weibull distribution”® v 10 min  Distribution of wind power The maximum likelihood method provides more accurate

estimation of Weibull parameters.

horizon using local QR. Wan et al. (2013)?®* employed several bootstrap methods to predict wind po-
wer intervals, with the pairs bootstrap shows the optimal performance. Zhang et al. (2016)*"” performed
a probabilistic interval prediction using quantile regression averaging. Wan et al. (2017)*°° developed a
multi-step probabilistic forecasting model using direct QR to estimate wind power from 10 min to 3 h.
Jietal. (2019)7®° constructed prediction intervals using the bootstrap method after obtaining determin-
istic results. Peng et al. (2021)?%® predicted wind power 15 min in advance via the QR method. Although
the above models can provide superior predictions than benchmark models, the resulting forecast
intervals focus on minimizing errors rather than optimizing interval characteristics because they are
trained based on error-based cost functions.

The LUBE method. The LUBE?®” method can directly generate upper and lower bounds of the predic-
tion interval (Pl) based on machine learning. Depending on the predictors and optimizers introduced, LUBE
methods can be divided into traditional LUBE method and advanced LUBE method.

Traditional LUBE model is established based on shallow neural networks, which shares a similar working
principle as ANN, as illustrated in Figure 9. Prediction models are first constructed from shallow neural net-
works with two output neurons, and then single- or multi-objective optimization functions are designed by
considering interval characteristics (interval coverage, interval width, etc.). Finally, the devised LUBE model
is trained iteratively, and the final predictive interval can be obtained after satisfying the convergence
conditions.

iScience 26, 105804, January 20, 2023
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P1
A 4

Figure 9. The network structure of the predictor in the ANN-based LUBE model

Although traditional LUBE methods address the problems existing in typical nonparametric probabilistic
methods, there remain several obvious limitations. First, the learning capability of shallow machine learing
models is insufficient, so that the performance of the traditional LUBE models is limited. Specifically, ANN lacks
the ability to model or abstract data, SVM is unable to handle large amounts of data, and ELM possesses weak
general approximation characteristics. Second, gradient descent (GD) algorithms are standard training tech-
niques for NNs, but are rarely introduced in traditional LUBE models, because the designed loss functions are
essentially nonlinear and non-differential. In contrast, heuristic algorithms, such as CSS, BA, and PSO, are widely
introduced for parameter optimization. Considering the considerable number of parameters to be tuned within
the LUBE framework, the computational cost is relatively expensive, which limits the efficiency of model training.

To solve the above issues, advanced LUBE models using DNNs as predictors have been proposed, which
are implemented through two means. One approach is to improve loss functions in traditional LUBE
models based on Pl characteristics, thereby improving optimization effects of heuristic algorithms. Another
approach is to construct linearly differentiable loss functions and then introduce optimization algorithms
with higher learning rates and training efficiency.

The traditional and advanced LUBE models proposed in the most recent literature are summarized chro-
nologically in Table 10, where n denotes PINC, p and v denote wind power and wind speed.

Comparison of probabilistic forecasting models

The comparisons of different probabilistic forecasting methods are summarized in Table 11.

DISCUSSIONS

The mainstream of wind forecasting methods

Deterministic forecasting methods have undergone a long period of development compared to probabi-
listic forecasting methods, and thus have a comprehensive knowledge system that has contributed
significantly to the field of wind forecasting.”” Among the various deterministic forecasting methods, the

309

development of hybrid models has received great attention,”™” especially those that combine deep predic-

tors with practical techniques such as data decomposition.?

In contrast, probabilistic forecasting method is still at a rapid development stage, but there is a consensus
that its application can trigger higher economic benefits than deterministic forecasting method.** Among
the probabilistic wind forecasting method, nonparametric methods (known as “distribution-free”) make
more contributions than parametric methods.”*> Because the demand for wind forecasting increases in
practical engineering applications, probabilistic wind forecasting methods will inevitably become the
mainstream of wind forecasting in the future.

Future trend of wind forecasting
Superior adaptiveness of wind forecasting models

Effective prediction models should be adaptive to different types of wind farms rather than concentrating
on a specific wind farm. More specifically, although strong compliancy to a particular wind farm can

22 iScience 26, 105804, January 20, 2023
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Table 10. Summary of the work using LUBE method in chronological order

Year Predictor Variable Optimization Horizon  Functions Results
Traditional LUBE methods
2014 ANN? p PSO 24 h CWC 1 = 90%:
90%-92.30% (PICP), 0.1605-0.7257 (PINAW/CWC)
2015  ELM?®® p quantum- 1h Deviation 1 = 90%: 90.30% (PICP),0.3025 (PINAW)
behaved PSO 1 = 80%: 81.62% (PICP),0.2017 (PINAW)
2015  MLP*®? v NSGA-II 24 h PICP, width 1€ (90%,100%):
91.40%-99.70% (PICP), 0.452-0.739 (width)
2015 BPNN?" v cs 1h Interval errors 7 = 95%: 0.3433-0.5062 (CWC)
n = 90%: 0.2347-0.3403 (CWC)
1 = 85%: 0.2015-0.2520 (CWC)
n = 80%: 0.1688-1.0585 (CWC)
2016 feedforward NN?7" v BA 15 min PINAW, PICP n = 85%:
93.49% (PICP), 0.3296 (PINAW)
2016  ANN??? p ABC 30 min CWC 1 = 90%: 90.09% (PICP), 0.1949 (RPIW)
n = 95%: 95.94% (PICP), 0.2345 (RPIW)
n = 99%: 99.38% (PICP), 0.2577 (RPIW)
2016 SVMZ! v MODE 30 min ACE, Winkler 1 = 90%: 90.77-92.56% (PICP), 0.77-2.56 (ACE)
score n = 95%: 94.05%-96.13% (PICP), —0.95-1.13 (ACE)
1 = 99%: 96.43%-99.7% (PICP), —2.57-0.7 (ACE)
2017  BPNNZ%® p PSO 1h CWC 1 = 80%: 0.0983 (PINAW), 0.0379 (ACE)
n = 90%: 0.1943 (PINAW), 0.0664 (ACE)
2017  KELM??* p IABC 5-15min  Errors, PINAW, 75 = 90%, 5-min-ahead:
INAD 90.75% (PICP), 0.176 (PINAW), 0.005 (INAD)
n = 90%, 10-min-ahead:
90.448% (PICP), 0.224 (PINAW), 0.01 (INAD)
n = 90%, 15-min ahead:
90.305% (PICP), 0.229 (PINAW), 0.016 (INAD)
2018  ANN?” p CSS 1h,24h CWC 1-h-ahead CWC:
0.00580-0.1097 ( = 50%), 0.0745-0.1384
(n = 60%), 0.0902-0.1759 (n = 70%),
0.1105-0.2243 ( = 80%), 0.1443-0.2990 ( = 90%)
24-h-ahead CWC:
0.1097 (n = 50%), 0.1384 (n = 60%), 0.1759
(n = 70%), 0.2243 (n = 80%), 0.2923 (n = 90%)
2018  LSSVM?7¢ v MOALO 1h PICP, PINAW 7 = 95%: 0.48 (CWC)
n = 90%: 0.359-0.403 (CWC)
7 = 85%: 0.30-0.353 (CWC)
2019 LSSVM?”’ 0 MOSSO 10-60 min  PICP, PINAW  10-min-ahead CWC:
0.276 (n = 95%), 0.232 (n = 90%), 0.200 ( = 85%)
30-min-ahead CWC:
0.290 (n = 95%), 0.245 (n = 90%), 0.150 (n = 85%)
60-min-ahead CWC:
0.435 (n = 95%), 0.332 (n = 90%), 0.303 (n = 85%)
2021 BPNN?7® p Electromagnetism- 90 min PICP, mean From 1 to 6 steps with 90-min interval:
like interval bound  PICP: 98.88%, 98.5%, 99.75%, 98.75%, 98.88%, 99.1%
Degree: 0.7712, 0.6875, 0.7775, 0.7338, 0.7288, 0.7462
2022 FLN?%Y p WOA 10 min PICP, PINRW, 7 =90%: 94.80% (PICP), 0.1399 (PINRW)
deviation n = 80%: 85.40% (PICP), 0.1041 (PINRW)

(Continued on next page)
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Table 10. Continued

Year Predictor Variable Optimization Horizon  Functions Results

Advanced LUBE methods

2018  ENN®® » DA 1h NCWC 7 = 90%:
93.81%-94.24% (PICP), 0.620-0.664 (PINAW/CWC)
2021 LSTM®’ » NSGA-II 15min,1h  PINAW, PIEE  15-min-ahead: 0.00978 (PINAW), 0.121 (PIEE)
1-h-ahead: 0.00899 (PINAW), 0.1647 (PIEE)
2020  BiLSTM®%? v Adam 30 min fi(W,b) n = 90%:
f,(W,b) 93.44% (PICP), 0.0183 (PINAW), 0.8139 (CWC)
2020 LSTM® o GD 10 min fi(W,b) 7 = 90%:
(W, b) 95% (PICP), 0.18 (PINRW), 0.01 (INAD), 1.03 (CWC)
2020 GRU’™ v GD 10 min UBconmy 7 = 90%:
LBeonpy 96.40% (PICP), 0.0703 (PINRW),1.0703 (CWC)
2020 GRU*%® p Adam 10 min frost 1 =90%:
94.770% (PICP), 0.0659 (PINRW), 1.4165 (CWC)
2020 GRU®® v Adam 20 min L, and U, 1 = 90%:

93.47%-94.72 (PICP), 0.0711-0.0919 (PINRW),
0.0090-0.0130 (INAD), 0.5186-0.6331 (CWC)

2021  TCN3Y v Adam 15 min Y, 7 = 90%:
92.50% (PICP), 0.0906 (PINRW), 0.3212 (CWC)
2022 GRU™ P SGD 10 min SCWC 7 = 90%: 97.54% (PINCP), 16.62 (PINCW)

guarantee the superiority of predictive results, the prediction performance will be significantly reduced
when applying to distinct wind farms. Therefore, the exploration of adaptive wind forecasting models is
of great importance, especially considering that designing individual models for each of the different
wind fields is time-consuming and labor-intensive.*? It is expected that evaluations of model performances
will focus on both model validity and adaptability in the future. In this regard, the spatial correlation be-
tween different wind farms can be analyzed,*® and technologies such as transfer learning'® and reinforce-
ment learning®'® can be introduced. In addition, adaptive model hyperparameters adjustment can be
achieved through automatic optimization algorithms®'" or adaptive adjustment strategies.**>*%

Longer forecasting horizon of wind forecasting methods

The development of wind energy will inevitably increase the predictability requirements for wind forecasting
methods, and thus long-term forecasts will play a critical role in the reformed electricity market."* To date,
numerous long-term forecasting models have been successfully applied to wind forecasting, such as 72-h
ahead®'? and 1 to 10 days ahead.”*" It is expected that wind forecasts with more forward-looking information,
especially multi-step ahead forecasts, will receive higher attention, although their performance will decrease
as the number of steps increases.”” Furthermore, although most of the existing wind energy prediction
methods have been developed by analyzing the relationship between historical sequences and output vari-
ables, the application of forecast data (such as NWP data'®) with forward-looking wind information will be
further strengthened, thus improving the predictability of future medium-term and long-term forecasts.

Combining classical and advanced knowledge

The combination of classical knowledge (e.g., metaheuristic algorithms) and advanced techniques (e.g., machine
learning) will remain valuable for wind forecasting. Meanwhile, applications of novel technologies will continue to
evolve,”® mainly through three promising techniques: (1) Simplifying the structure of existing predictors or rein-
troducing mechanisms to existing predictors. For example, Li et al. (2022)*"® improved the Kalman filter using
PSO for wind power prediction. Liu et al. (2022)*'* combined the graph convolutional neural with GRU to capture
spatial influence in wind forecasting. (2) Improving current optimization algorithms by combining different opti-
mization algorithms or developing novel optimization algorithms. For example, Tuerxun et al. (2022)*"° devel-
oped the modified tuna swarm optimization algorithm to achieve ultra-short-term wind speed prediction.
Wei et al. (2022)"'° proposed IGWO with the back-propagation neural network to predict short-term wind
power. (3) Integrating techniques from other domains, such as attention mechanisms,”®*'” Clayton Copula

function,®'® and Granular Computing,®'? into the field of wind forecasting.
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Table 11. The comparison between different categories of probabilistic forecasting models

Categories Input Predictors Outputs Horizons Features
Parametric Wind data, Distribution Interval/ Ultra-short/short/ [t cannot guarantee the accuracy
method exogenous data functions distribution medium/long term of the hypothetical distribution,
thus failing to ensure the validity
of results.
Typical Wind data, QR/bootstrap Probability Ultra-short/short/ This method focuses only on
nonparametric exogenous data quantile/interval medium/long term minimizing errors, while ignoring
method the interval characteristics.
Traditional LUBE Wind data, Shallow Interval Mainly for ultra-short- The adopted shallow predictors
method exogenous data neural networks term and short-term have insufficient learing capability,
and parameter tuning is achieved
by heuristic algorithms.
Advanced LUBE Wind data, Deep neural Interval Mainly for ultra-short- DNNs and GD algorithms can be
method exogenous data networks term and short-term used by improving or reconfiguring

loss functions, but the model
structure may be relatively complex.

The remaining limitation of this work

Overall, this work fills the research gaps that existed in previous studies, but there remain some limitations
that warrant continued improvement in the future. On one hand, even if we have examined the existing
literature as comprehensively as possible, relevant studies are not exhaustively enumerated in this work,
especially given that wind forecasting models are rapidly evolving and frequently updated. On the other
hand, because of the wide range of models involved, comparisons of all the different types of models
through experimental results are not presented, thus failing to visualize the quantitative effects of different
forecasting models.

CONCLUSIONS

This paper provides a systematic review of wind forecasting methods. Both deterministic and probabilistic
forecasting methods are thoroughly surveyed from the perspectives of technical background, theoretical
basis, and model performance. The deterministic forecasting methods have been classified into physical
model, statistical model and hybrid model. In particular, the structures and variants of machine learning
models have been compared, and the ensemble models have been summarized in terms of model input,
time horizon and prediction effects. In addition, a comprehensive investigation of the probabilistic predic-
tion models, which cover parametric methods and nonparametric methods, is provided. Representative
distribution functions have been compared according to time scales and prediction results. Specifically,
the increasingly popular LUBE models have been thoroughly investigated. Then, the mainstream and
promising development trends of wind forecasting methods are discussed, and the outlook is provided
from the aspects of model adaptability, model predictability, and the hybridization of classical and
advanced techniques. In summary, this work offers a broad and insightful overview of wind forecasting
research, which enables reliable integration of renewable energy resources. It is expected that junior re-
searchers can benefit from our work to gain an all-round understanding of wind energy forecasting, thus
identifying the models that best suits their research objectives.
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