Associated publication: Ana Lagos, Joaquin E. Caicedo, Gustavo Coria, Andrés Romero Quete,
Maximiliano Martinez, Gaston Suvire and Jesus Riquelme, “A Critical Review of Wind Speed
and Power Forecasting Methods Applied in Modern Power Systems”

This directory contains the details regarding the articles cited in this literature review, their belonging cluster, taxonomy
and details about the input variables of the model, sampling times, data set used, country of precedence, and finally the
models used to validate each of the proposed methods. According to the reviewed literature, the most used taxonomy
to classify forecasting models by time horizon consists of very short, short term, medium, and long term. Therefore, in
this paper, the reviewed articles are classified based on the aforementioned, and 4 tables are constructed based on very

short, short term, medium, and long term.

1. Very short term

Table 1 provides details of the articles analyzed in this literature review related with very short term. Of the 80 articles
studied, a total of 44 were categorized within this time horizon.

2. Short term

In the case of short-term articles, this category is made up of 31 articles. Table 2 provides further details regarding each
of the categorized articles. The references with more than one time horizon and that qualify as very short and short-
term models are [12], [16], [24], [61], [63], [78], these have been excluded from Table 2 considering that they are repeated
and have been previously detailed in Table 1.

3. Medium term

The medium-term models include a total of 11 articles, see Table 3. The references that qualify as very short-term ([12],
[24], [51]) and short-term ([11], [12], [24], [29], [62]) models have been excluded from Table 3, since they have already
been previously detailed in Tables 1 and 2.

4. Long term

A total of 9 articles were established in this category. The references with more than one time horizon, and that classify
within the very short-term models are ([12], [51], [55]), the short-term models ([12]) and finally the medium-term ones
are ([12], [51]), these articles, as in previous cases, they have been omitted from Table 4, considering that they have been
previously detailed.
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1 [10] Wind power Wind farm 1h ferent locations over the wind farm; ~ Deterministic Hybrid ACQO; Forecas- Montecarlo simulations
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2 [16] Wind power  manage- land5h Chi Deterministic Hybrid BP, GA SVM and BP
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15 min; Chile




Compared with real wind

[27]  Wind speed MG 1h Wind speed; 10 min Deterministic Al GA, BPNN
speed data
Preprocessing;:
Wind speed ) Wind speed and power; 12.01.2003 o ) p & ANN, ARIMA,
[30] Wind farm 1h ) Deterministic Hybrid EMD; Forecas-
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casting: ANFIS
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muth, air temperature, relative hu- Solar radiation and wind
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midity, atmospheric pressure, per- speed measurements
wind speed  energy sys- :
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tems
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. . Preprocessing;:
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) Wind speed; 01.01.2013 - o ) MRA; Forecast- )
[45] Wind speed gentmana- 1h Deterministic Hybrid . ) Persistence model
01.01.2014; 1 h; Canada ing: Adaptive
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WNN
Preprocessing;:
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Preprocessing;:
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ords; 3 min; China Forecasting;: )
Analysis-ENN
ELM
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Preprocessing;:
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Preprocessing:
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[53] Wind speed . . , , Deterministic Hybrid tion: adaptive
planning 30 min min; China GRNN, WNN
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Forecasting: BP
. . Preprocessing:  Preprocessing: EMD, WT;
) ) 20 min and 3 wind speed datasets; 120 months; o ] ]
[55] Wind speed  Wind farm Deterministic Hybrid FEEMD; Fore- Forecasting: ELM, RBF,

5 months

20 min; China

casting: RELM

BPNN, ARIMA




Layer 1: EEL

) ) (composed by BP, WNN, DBN, ELM,
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9 [56] Wind speed  Wind farm 10 minand 1 h 1 h: Chi Deterministic Hybrid ELM, ENN, ENN, LSTM, EEL-MEAN
; China
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30 min and 1,
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12 [69] Windspeed Wind farm 10, 30, 60 min Deterministic Hybrid
60 min; China tion: WGBA; SSa-BP, SSa-BA-BP
Forecasting: BP
ANN, NARX, SARIMA,
12 [71] Wind speed MG 1h Wind Speed; 1 month; 1 h; --; Deterministic Al LSTM-RNN
ARIMA, ARIMA-ANN
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30 min Brazil Hybrid
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ANFIS-GA
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13 [74] Wind speed 1, 5, 10 min . Deterministic Hybrid LSTM-CNN LSTM, CNN
speed (28800 data); --; China
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PR, LR, LSTM, CNN,
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casting: ELM
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VDM; Forecast-
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consumption and load production data (China); --; 720-
energy curve 4336-4336 for energy, solar and
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Preprocessing:
CEEMD; Fore-
casting: STACK
CEEMD-kNN, CEEMD-
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Postprocessing: ICEEMDAN-GRU
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Forecasting:
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Preprocessing;:
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15 [86] Windspeed Wind farm 1h Probabilistic Hybrid
China MOMVO; Fore- ICEEMDAN-ELM,
casting: BP, ICEEMDAN-BIiLSTM
ELM, BiLSTM
Preprocessing: ICEEMDAN-LSTM,
) ) ) Wind Speed; 9000 samples; 5 min; o ) ICEEMDAN, ICEEMDAN-CNN,
15 [87] Windspeed Wind farm 5,10, 30 min Deterministic Hybrid
USA 1D-RNN, Fore- ICEEMDAN-MLP, CNN,
casting: BILSTM LSTM
i . . Wind Speed; 3000 samples; 10 min; o .
15 [88] Windspeed Wind farm 10 min USA Deterministic Al CWRNN LSTM, BiLSTM, RNN
Forecasting;: SSa-PSr with (QrLASso,
) ) ) Wind Speed; 2880 samples; 10 min; o ] BiLSTM; Opti- QrLSTM, QrGRU,
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Wind speed

Wind farm

1 min

Wind Speed; 1500 samples; 1 min;
China

Preprocessing;:
EWT; Forecast-
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BiLSTM-DBN;

Postprocessing:
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Q-GRU-BiLSTM-DBN,
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DBN
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lization in China-Spain ANN, ARMA, speed data
genera KDE
Wind forecast;
Operation .
o Not Uncertainty: o
2 [14] Wind power  planfora 24h Not specified Probabilistic L Not specified
specified Normal distri-
MG )
bution
Control Sparse online
2 [15] Wind power scheme in 12h Wind power; --; 15 min; China Probabilistic Statistical warped Gauss- Not specified
MG ian process
) o Not ) Compared with real wind
3 [17]  Wind speed MG 24 h Wind speed; 1 year; 1 h; -- Deterministic Temporal Series
specified power data
3 [18] Windspeed Wind farm 24h Not specified Deterministic Statistical Weibull Not specified
Unit com-
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MG
Wind Wind power and direction, power
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) ) o Not ) Compare with real wind
[22] Wind speed MG 24h Wind speed; 1 year; 1 h; -- Deterministic Temporal Series
specified power data
Energy box . S
. Wind speed and direction measure-
in a house
ment; 2 months data of one weather
. (EMS for . ) L Multilayer feed- Compared with real wind
[26] Wind speed L 24 h station (sampling of 3 h) and 1 Deterministic Al
minigrid- forward BPNN speed data
) month data of an anemometer
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Wind speed and direction, temper-
. . ature, relative humidity, pressure, o Compared with real wind
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and precipitation; 2015-2017; 1 min; speed data
India
Temperature, solar radiation, air
) Micro-wind pressure, and wind speed; L Compared with real wind
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fied ) ) speed data
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. . o . ) Compared with real wind
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speed data
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[38] Wind speed  Smart grid 24h Wind speed; --; 1 h; -- Deterministic Statistical ~ PDF of Rayleigh Not specified

11



6

[39]

Wind power

MG

24 h

Wind Speed; 1 year; 1 h; USA

Preprocessing;:
WNN; Forecast-
Probabilistic Hybrid ing: ANN; Un- ANN
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Preprocessing;:

CEEMDAN;
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6 [40] Wind power MG 24 h Deterministic Hybrid Optimization:
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IBA; Forecast-
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Optimization:
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Optimization:
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Uncertainty:
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Operation
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