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Table 1 The data overview of wind farms A and B
My SRl WK WK
HA/min
A s 2017-01-01—  2017-01-01—  2018-10-01—
2018-12-31 2018-09-30 2018-12-31
B s 2017-08-01—  2017-08-01—  2019-07-01—
2019-09-30 2019-06-30 2019-09-30

2 REBHAMBHMRBIAETESH
Table 2 Main parameters of wind
turbines in wind farms A and B
Al AR/ MW RSB/ m LR85 B /m
A 49.5 58 60
B 300 100 70
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Fig.3 Feature selection process
corresponding to wind farm A
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Fig.4 Feature selection process
corresponding to wind farm B
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Table 3 The optimal feature subsets
for wind farms A and B
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Fig.5 Relationship between model training
time and number of iterations
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Table 4 The forecasting results of different models
%

AHLY A A HLY B
CRMSE  CMAE Or CRMSE  CMAE Or
ARMA 9.56 8.14 88.62 14.71 10.32 84.11
SVM 9.25 7.52 88.95 14.18 9.45 84.45
BP 9.13 7.43 89.13 13.98 9.61 84.77
XGBoost  8.04 6.54 89.88 10.39 7.67 87.38

PMIC-
XGBoost 005 527 9153 872 651 88.81
PMIC-
CXCBoost 96 343 9397 688 441 9142
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Y A ,PMIC-XGBoost [t 5 HR 1% 25 FIF- 24 24 %o 12 25
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B 300, SCHR[ 16 ] A AR ARt R AN [ e B2 178 JRUk
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E53CHRE 16 ] B SR e > TOMAS RUAH L, SCHp BT 4
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YIZRITA],

x5 XHAAETNTE PMIC-CXGBoost
k[ 16] BT 7 AR X EE
Table 5 Comparison of the proposed combination
forecasting method PMIC-CXGBoost and
the forecasting method in reference 16
REAEEL
eruse/ % eyap/ % Qp/% IZRHFIR]/ s

K HLY iy

k[ 16]
. 8.09 6.73 89.42 284
Ik
A
PMIC-
CXCBoost 490 343 93.97 153
k[ 16]
AL 1096  7.82 87.21 302
5 RIS
PMIC-
CXCBeost 6.88 441 91.42 175

P 6 FilEl 7 435 o SCH A AE 2 AR X
IR BME AN S I EL A FL S T AR, SCh i ik
REAR L s 0 S0 e 5 A AL A

50
40; 1l
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ﬂ{ ; %‘!&2
¢ ] 2
\\ Y
P s
ol W/ - TME
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t/min

6 REF A f1Z84 XGBoost Fill{E 5 LiMME R b5
Fig.6 Comparison of forecasting and measured
values of combined XGBoost in wind farm A
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Fig.7 Comparison of forecasting and measured
values of combined XGBoost in wind farm B
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Combined XGBoost short-term wind power forecasting model

based on partial maximum information coefficient
LI Ke, HUANG Dongchen, TAO Zibin, XIONG Huan, LI Haowen, DU Yedong
(NARI Group (State Grid Electric Power Research Institute) Co.,Ltd.,Nanjing 211106, China)

Abstract: As one of the hot topics in the field of new energy forecasting, it is necessary for the research of short-term wind power
forecasting to pay attention to the engineering application of the model while improving forecasting accuracy. Hence ,a combined
XGBoost forecasting model based on partial maximum information coefficient is proposed. To begin with, a feature selection
algorithm based on partial maximum information coefficient is designed. By introducing partial mutual information , while mining
meteorological features that have a greater impact on wind power, it can also eliminate the adverse effects of coupled information.
On this basis,in order to take the accuracy and computational efficiency of the model into account and reduce the forecasting
risk of a single model ,a combined forecasting model with XGBoost as the underlying algorithm is constructed to further realize
wind power forecasting. Two wind farms with large differences are used as examples for verification analysis. The results show
that the combined XGBoost forecasting model based on partial maximum information coefficient feature selection algorithm can
not only improve the forecasting accuracy of short-term wind power, but also has higher calculation efficiency compared with
similar combined forecasting models, which is beneficial to engineering application.

Keywords : feature selection; combined XGBoost ; partial maximal information coefficient ; short-term wind power forecasting;

calculation efficiency ; engineering application
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