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Abstract: With the expansion of grid scale and complexity it is difficult to determine the node voltage by on — line power flow
calculation so it is very important to predict the trend of voltage quickly and accurately by the voltage response data. A fast
voltage prediction method based on nonparametric estimation is proposed which takes the system load level and reactive power
as the input and the node voltage as the output. The mean square error is used as the index of the voltage prediction accuracy
to measure the prediction effect. Finally the prediction results of the proposed method are compared with those of the tradi-
tional neural networks and adaptive neural networks. The results of standard IEEE 24 — bus system shows that the nonparamet—
ric estimation method has strong ability of voltage fitting and extrapolation and its prediction accuracy is equivalent to the pre—
diction accuracy of neural network algorithm.
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MSE of GA — BPNN MSE of BPNN MSE of Group — Lasso
busl 2.02¢ -8 1.58¢ -8 2.62e -7 2.68¢ -7 4.22¢ -8 4.34e -8
bus3 8.55¢ -8 9.04e -8 1.75¢ -7 1.85¢ -7 1.06e -6 1.16e -6
busd 8.91e -8 9.14¢ -8 3.06e -7 3.33e -7 1.36e -6 1.54e -6
bus5 8.60e -8 9.03¢ -8 2.52¢ -7 3.07e -7 2.38¢ -7 3.99¢ -7
bus6 8.56e -8 8.93e -8 1.53¢ -7 1.57e -7 1.93¢ -7 6.68¢ -7
bus8 8.95¢ -8 9.04e -8 2.34e -7 2.41e -7 1.36e -7 3.23e -7
bus9 8.44e -8 8.82¢ -8 3.02e -7 2.8le-7 3.89¢ -6 3.98¢ -6
bus10 8.73¢ -8 8.88¢ -8 1.90e -7 1.86e -7 2.20e -7 7.64e -7
bus11 8.56e -8 8.5le-8 3.44e -7 3.69¢ -7 1.37e -7 2.38e -7
bus12 8.21e -8 8.60e -8 2.28¢ -7 2.5le-7 1.09e -7 2.13e -7
bus14 8.44e -8 8.73¢ -8 2.56e -7 2.73e -7 9.12¢ -8 1.27e -7
busl5 1.00e -7 1.20e -7 3.18¢ -7 3.6le-7 8.20e -8 2.49¢ -7
bus19 7.66¢ -8 8.84¢ -8 3.44¢ -7 3.37e -7 8.37¢ -8 9.05¢ -8
bus20 1.28¢ -8 1.43¢ -8 4.09¢ -7 4.24e -7 8.22¢ -8 8.33e -8
bus24 8.67¢ -8 1.12¢ -7 1.81e -7 2.04e -7 3.65¢ -7 4.14e -7
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