0254-6124/2024 /44(3)-0488-12 Chin. J. Space Sci. — EAFF R

LAN Dongliang, CHEN Yanyun, WU Ying, ZHAO Miao, WANG Liang, WU Weili, HUANG Chong. Multiscale GIC Prediction Based on Improved
CNN-BiLSTM Model and Geomagnetic Monitoring Data (in Chinese). Chinese Journal of Space Science, 2024, 44(3): 488-499. DOI:10.11728/
¢j$s2024.03.2023-0084

E F 2433 CNN-BILSTM #& 2 F0 th 2 U4 i
HIBEH S B EKE GIC Fuill®

2 1 — 1 1 1
EARZ HRIE = = ¥ PO
= 2 — 2,3 ol 3
I = R 5T w
1(h E R R AR AR AT BB BRA R R E SRSt SA8  230088)

2(EBIET BB ARARAR A8 231299)
B(PULRHE R A SR TR 9% 710054)

i OFE OKHRKBER N RGN D IREh ™ GIC S &M ARG K% 4iatT, MHHE25] & K
RS AR, T A R GIC AKCFREtE A oL ) R G R IR I BB S2% SR AR s WA . S T i
P R, B2 R 45 (CNN) 5 XA KA RHTIZ (BILSTM) LA K ER AHUHIARSE A, FIH 23 18 KA AR SE W
MF B, $2H T MU W GIC Z i [l B A TN T k. AR SCAE AT BH AR B gl 7= A Hia Do 1l By L3S (Geeo-
magnetically Induced Current, GIC) :fifi I, #2 T GIC FUALE, #2417 3F L3532 IPLH Y CNN-BIL-
STM gt #ERl X GIC #EATTN, JF45 1 T IR, RA CNN gk b i b ol 5 5 8, RIE BiLSTM £54H
W EE B2 R, 256 R 2 0 Z LRI X GIC SR FH R bR (s B R B, SE3l i M GIC By
. A 2004 4F 11 H 8 H 00:00 LT—20:00 LT E#f@ERWIE] DED Hifh 5351 QGZH bk £ Wi &cdls, 1 e
XA IR 500 kV AR HL VY GIC #EATRIAH. Zad)I4k)5, GIC FMAHRHRZ47E 12% LA, K58 m T HAL
AT R T 45 5

KEEIR]  KPHRE, GIC B, BRI ML, HmbE

HFESES P353

Multiscale GIC Prediction Based on Improved CNN-
BiLSTM Model and Geomagnetic Monitoring Data

LAN Dongliamg1 CHEN Yaunyun1 Wu Ying1 ZHAO Miao'
WANG Liang WU Weili*®  HUANG Chong®

1(East China Electric Power Research Institute of China Datang Group Science and
Technology Research Institute Co., Ltd., Hefei 230088)

* EZFEMEHETE (SGXIJCIJ00KIIS2100582) FI-G AL SCs LA RBF AT H (2021GJ039) :[F%E Bl
2023-08-10 W H| 545, 2024-03-11 e EME E

©The Author(s) 2024. This is an open access article under the CC-BY 4.0 License
(https://creativecommons.org/licenses/by/4.0/)


https://doi.org/10.11728/cjss2024.03.2023-0084
https://doi.org/10.11728/cjss2024.03.2023-0084
https://doi.org/10.11728/cjss2024.03.2023-0084
https://doi.org/10.11728/cjss2024.03.2023-0084

EARE F: A T3 CNN-BILSTM A fo b ik J5 M 4035 69 % 0 18] K E GIC TR 489

2(Anhui ZGD Electric Power Technology Co. Ltd., Hefei 231299)

3(School of Electrical and Control Engineering, Xi’an University of Science and Technology, Xi’an 710054)

Abstract

The GIC generated by solar storms driving in power system networks can affect the safe

operation of power equipment and systems, and even lead to major power outages. Predicting the level of

GIC in power grids can provide an important reference for power system protection measures, but re-

search in this area continues to be insufficient. In order to solve this problem, a multi-scale GIC predic-

tion method for large-scale power grids is proposed by combining Convolutional Neural Networks

(CNN), Bidirectional Long and Short Term Memory (BiLSTM), and attention mechanisms, using rele-

vant monitoring information of spatial weather. Firstly, based on the analysis of the mechanism of GIC

generated by solar storms, a GIC prediction model is constructed; Secondly, a dual-channel GIC predic-

tion architecture based on CNN-BiLSTM is proposed: first, local geomagnetic disturbance information is

captured using CNN, then the global characteristics of geomagnetic storm disturbance information are

synthesized using BiLSTM, and finally, the geomagnetic information fragments that play a key role in

GIC are comprehensively evaluated using the multi-head attention mechanism, achieving the prediction

of the power grid GIC. Using monitoring data of the DED geomagnetic station and the QGZH geomag-

netic station during the giant magnetic storm from 00:00 LT—20:00 LT on 8 November 2004, the pro-

posed method was applied to regression prediction of the GIC of the 500 kV Ling’Ao substation. After

220 rounds of training, the relative error of GIC prediction is within 12%, the accuracy is higher than the

prediction results of other models.
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Fig. 7 Comparison of the degree of agreement between predicted and measured values using four methods
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Table 2 GIC prediction evaluation indicators for four models
FEAEE(LT) HEHE Relative error/(%) RMSE MAE PCC PPTS (5) /(%)
00:00—03:00 CNN-BiLSTM-MAT 11.21 0.2314 0.0210 0.976 7.22
CNN-BIiLSTM 13.33 0.4871 0.0226 0.944 14.24
CNN-LSTM-SAT 13.37 0.4614 0.0243 0.909 15.33
CNN-LSTM 14.71 0.6385 0.0579 0.897 20.35
03:01—06:00 CNN-BiLSTM-MAT 11.10 0.2042 0.0198 0.987 7.80
CNN-BIiLSTM 13.22 - 0.0432 - 15.22
CNN-LSTM-SAT 13.98 0. 4348 0.0342 0.931 16.21
CNN-LSTM 15.09 0.9590 0.0654 0.823 23.24
06:01—09:00 CNN-BiLSTM-MAT 10.07 0.2333 0.0208 0.993 8.11
CNN-BiLSTM 13.08 0.3211 0.0299 0.945 15.33
CNN-LSTM-SAT 14.13 0.4476 0.0566 0.912 14.56
CNN-LSTM 14.34 0.9271 0.0579 0.899 21.22
09:01—12:00 CNN-BIiLSTM-MAT 9.98 0.2242 0.0187 0.997 7.06
CNN-BIiLSTM 13.97 0.2499 0.0286 0.922 14.67
CNN-LSTM-SAT 13.87 0.4681 0.0276 0.899 15.17
CNN-LSTM 14.87 0.9433 0.0688 0.881 19.23
12:01—15:00 CNN-BIiLSTM-MAT 10.79 0.2111 0.0211 0.987 7.89
CNN-BIiLSTM 13.09 0.2876 0.0321 0.901 16.44
CNN-LSTM-SAT 13.98 0.4473 0.0453 0.892 16.13
CNN-LSTM 14.91 0.9445 0.07651 0.879 21.08
15:01—18:00 CNN-BiLSTM-MAT 10.99 0.1923 0.0209 0.988 8.06
CNN-BiLSTM 13.13 0.2980 0.0298 0.911 14.55
CNN-LSTM-SAT 13.01 0.4091 0.4033 0.923 14.35
CNN-LSTM 14.65 0.9374 0.0654 0.899 21.19
18:01—20:30 CNN-BiLSTM-MAT 11.13 0.2121 0.0214 0.981 7.98
CNN-BIiLSTM 12.99 0.3342 0.0329 0.908 15.18
CNN-LSTM-SAT 13.54 0.4445 0.0332 0.911 14.23
CNN-LSTM 14.54 0.9189 0.0561 0.891 21.33
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Fig. 8 GIC prediction results on 7 November
T, [BIFREE FiH 0 (http:/ /www.sepc.ac.cn/KIndex.php).
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