H52% 1 B RERY S EH Vol.52 No.11
2024 %6 A1 H Power System Protection and Control Jun. 1, 2024

DOI: 10.19783/j.cnki.pspc.231097

E T R IE ML AR BR 2= T4 BY XU T 2R 55 BT 73 %

R, RBERL E 3]

(1. ARE D R AER SR ERURITBRARKFT R T EZET (AR HAKRF), T4 F4 132012;
LR SMREEAESBERETEERE (PR AMFZARARARAE), b7 100192)

WE: WA IR LIRS S, 77 R GuRt R T 2 T0 ) iff 1 F A PRt T R Bk o X TR — K
WIAMNS, T 8RR FREE e R RO RE T AR, WERXRNMEHE, BET —MiT
[R5 1E U4k 4% R 2 3] Hl(causal regularized extreme learning machine, CRELM) ) JXH, T 5 8 HA TR /7925« B S K A FR
% 2] Hl(extreme learning machine, ELM) &% A 45 14 A 45 8 (structural causal model, SCM), 7E &AL - 1HE k2
PREETC 5 i H B A0 48 T RN RS S5 R SRR ) o SR 5 121 3 DR SR 30N [ 5 U2 B AR5 6 K e R SR TE T
I, FES/AMEINZRR Z RN R R I FR RO R, LA — PR TR A T v i P A TR RS e . | s
L] P 5% P 0 X3 a5 SR PR E S B BN SR AP AL S B ) TR B ARG B, B8IE T BT R A8 ik
FIE

KRR RREEEE: IRIENIG: S5H0R SRR, P38 R RAS & AR PR ST

Short-term wind power forecasting method based on a causal regularized extreme learning machine
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Abstract: With the increasing proportion of wind power connected to the grid year by year, the power system has higher
requirements for the accuracy and stability of wind power forecasting. For the same wind farm, to avoid different feature
subsets of wind farms selected by different feature selection methods, this paper proposes a short-term wind power
forecasting method based on a causal regularization extreme learning machine from the perspective of causality. First, the
extreme learning machine (ELM) model is modeled as a structural causal model, and then the average causal effect vector
between hidden layer neurons and output layer neurons is calculated. Then the average causal effect vector is combined
with the weight of the output layer to form a causal regularization term. This minimizes the training error and maximizes
the causal relationship of the network, further improving the forecasting accuracy and stability of the model. Finally, taking
the data of a wind farm in Mengxi, China as an example, and comparing with the forecasting model with or without the feature
selection method, the effectiveness and applicability of the proposed method are verified.
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Fig. 1 Feedforward neural network and structural causal model
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Fig. 3 Wind power forecasting curves of different models
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Table 2 Evaluation index of different forecasting models

TR AR NRMSE NMAE STA
Speed-ELM 0.1366 0.1089 0.0068
GRA-ELM 0.1347 0.1082 0.0064

PCC/MIC-ELM 0.1322 0.1083 0.0068
STH-ELM 0.1415 0.1103 0.0076
ELM 0.1571 0.1327 0.0074
CRELM (430 R 0.1290 0.1080 0.0050
Speed-CRELM 0.1247 0.1042 0.0047
GRA-CRELM 0.1297 0.1071 0.0053
PCC/MIC-CRELM 0.1287 0.1074 0.0048
STH-CRELM 0.1305 0.1070 0.0056
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Table 3 Evaluation index of forecasting model under wind farms 1, 2 and 3

TR 15X 2 S 3 5

NRMSE NMAE STA NRMSE NMAE STA NRMSE NMAE STA
Speed-ELM 0.1382 0.1093 0.0071 0.1366 0.1089 0.0068 0.1357 0.1086 0.0066
GRA-ELM 0.1379 0.1094 0.0072 0.1380 0.1091 0.0071 0.1375 0.1094 0.0070
PCC/MIC-ELM 0.1386 0.1096 0.0071 0.1363 0.1107 0.0068 0.1402 0.1145 0.0066
STH-ELM 0.1356 0.1106 0.0062 0.1382 0.1105 0.0069 0.1342 0.1107 0.0067
ELM 0.1355 0.1214 0.0067 0.1460 0.1214 0.0067 0.1429 0.1278 0.0075
CRELM (4 3R 0.1313 0.1086 0.0055 0.1346 0.1085 0.0061 0.1333 0.1083 0.0060
Speed-CRELM 0.1290 0.1080 0.0050 0.1301 0.1081 0.0052 0.1296 0.1063 0.0055
GRA-CRELM 0.1321 0.1081 0.0058 0.1311 0.1085 0.0057 0.1307 0.1070 0.0056
PCC/MIC-CRELM 0.1329 0.1098 0.0056 0.1330 0.1102 0.0055 0.1373 0.1147 0.0057
STH-CRELM 0.1340 0.1086 0.0061 0.1339 0.1085 0.0059 0.1334 0.1103 0.0056
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Table 4 Evaluation index of forecasting model under wind farms 4, 5 and 6
T 4 5 R 5 SR 6 A HL
NRMSE NMAE STA NRMSE NMAE STA NRMSE NMAE STA
Speed-ELM 0.1498 0.1234 0.0072 0.1355 0.1157 0.0050 0.1463 0.1180 0.0075
GRA-ELM 0.1579 0.1324 0.0074 0.1402 0.1217 0.0049 0.1506 0.1229 0.0076
PCC/MIC-ELM 0.1563 0.1301 0.0075 0.1523 0.1257 0.0074 0.1520 0.1251 0.0074
STH-ELM 0.1589 0.1298 0.0084 0.1544 0.1273 0.0076 0.1532 0.1253 0.0078
ELM 0.1662 0.1406 0.0079 0.1525 0.1245 0.0077 0.1538 0.1292 0.0069
CRELM(#3CHEE) 0.1483 0.1218 0.0070 0.1277 0.1081 0.0046 0.1454 0.1212 0.0065
Speed-CRELM 0.1317 0.1101 0.0052 0.1214 0.1027 0.0042 0.1347 0.1086 0.0063
GRA-CRELM 0.1378 0.1159 0.0056 0.1255 0.1049 0.0048 0.1389 0.1166 0.0057
PCC/MIC-CRELM 0.1386 0.1121 0.0066 0.1241 0.1070 0.0053 0.1351 0.1103 0.0061
STH-CRELM 0.1456 0.1198 0.0068 0.1277 0.1081 0.0046 0.1364 0.1110 0.0063
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