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Power system state estimation method based on GME-Net
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Abstract:Power system state estimation plays a key role in maintaining secure and stable grid
operation. However, conventional physics-model-based methods are often limited in estimation
accuracy and computational efficiency when dealing with complex topologies and nonlinear operating
conditions. To address these issues, a state estimation method based on graph multi-scale
edge-enhanced network (GME-Net) is proposed. By combining graph attention mechanisms with
multilayer perceptrons, the proposed method jointly models local dependencies among power-system
buses and global high-order features. An edge-feature enhancement module is introduced to represent
the physical characteristics of transmission lines, and an end-to-end learning framework is adopted to
improve adaptivity and robustness. Experiments on IEEE 14-, 30-, 57-, 69- and 118-bus systems show
that, under non-Gaussian noise, the root mean square errors of voltage magnitude and phase angle
estimation are as low as 0.00166-0.00392 and 0.00106-0.00574, respectively, outperforming
mu Itilayer perceptron and convolutional neural network baselines. The results indicate that GM E-Net
provides an effective data-driven solution for intelligent power-system state estimation.

Keywords: power system state estimation; GM E-Net; graph neural network; graph attention network;
non-Gaussian noise
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Fig. 1 Representative training and validation loss curves of GM E-Net
105 LW T AR m g S AN SR W IR A T iR 2 . GME-Net 78 1M INA R 4¢
H1) RMSE ${%T- 0.004, MAE ¥J{% T 0.003, BJ%ALT MLP. CNN F1 Proxi.
F 1 BB IR TR ZEXT L
Tab.1 Comparison of voltage magnitude estimation errors

|IEEE 14 IEEE 30 IEEE 57 IEEE 69 IEEE 118

RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE

MLP 0.55137 0.42722  0.52751  0.41040 0.59613  0.83692  0.99529  0.79535  0.27680  0.21939
CNN 0.60270  0.56195 0.72281  0.60417  0.74365 0.57542  0.86452 0.66370  0.70632  0.66309
Proxi 0.26889 0.20406  0.59792  0.48740 0.66409  0.51718  0.86166  0.68400  0.24904  0.19420
GME-Net  0.00166 0.00170  0.00331  0.00201  0.00392  0.00255  0.00321  0.00203  0.00308  0.00227

2 gk TR TS R . GME-Net 7EA R R 48t e T80/ HAR € (11
110 7=, VWIS P i 00 R IOV RE I, R REAE M 28 IR AL AR 7 43 ORFF AR

SRR
*2 B TR ZER L
Tab.2 Comparison of phase angle estimation errors
IEEE 14 IEEE 30 IEEE 57 IEEE 69 IEEE 118
R
RMSE  MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE

MLP 0.15603 0.10296  0.15116  0.10332  0.22973  0.16617  0.29499  0.21215  0.27313  0.19498
CNN 0.10486  0.08316  0.15498 0.11053  0.39579  0.35440  0.29994  0.22590  0.40201  0.25859
Proxi 0.06633 0.04456  0.13914  0.09687  0.21274  0.14734  0.30274  0.20544  0.17195 0.13178
GME-Net  0.00106 0.00170  0.00317  0.00315 0.00509  0.00504  0.00184  0.00183  0.00574  0.00562

REME DL PR ik, Wk 2 Bios. 5 MLP. CNN Al Proxi ALk, GME-Net 7£

115 H S I L 5 R A A4 P b0 B i il e B D e, JUILAE B Bl X BRI Jr) e 73 Ak LA S 0
BILGRCR, X HRRIRES T4 R 8. Sag0tR 5K 2 /LA 1, GME-Net £
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Fig. 2 Voltage magnitude and phase angle estimation results of representative buses
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