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Ultra-short-term power prediction method of distribution network
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Abstract: The traditional one-directional neural network has some problems in the field of ultra-short-term power pre-
diction in distribution networks, such as the out-of-shape curve prediction, the over-fitting phenomenon of the model,
low prediction accuracy and slow convergence speed, etc. Thus, an improved bi-directional recurrent neural network
model is proposed based on the wavelet transform and self-attention mechanism to overcome these problems. Firstly,
the forward and reverse laws of the power data are studied by the bi-directional network to improve the prediction ac-
curacy of the model. Afterward, the wavelet transform is employed to reduce the overall difficulty of power predic-
tion. Consequently, the model overfitting is reduced, and the convergence speed is increased in the meantime. In the
end, the self-attention mechanism is adopted to grasp the hidden layer dimensional relationship of the model to further
improve the prediction accuracy. An example shows that the proposed improved model can eliminate the existing

problems effectively. Compared with the traditional model, the MAE increased by 50.1%, MAPE increased by
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43.3% , RMSE increased by 51.1%; in the reactive dataset, dataset MAE increased by 60.5% , MAPE increased by

63.8% » and RMSE increased by 60.1%.
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Figure 2 Bi-RNN/LSTM/GRU timing expansion

diagram(Left to right is forward, right to left is reverse)
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prediction methods (single wavelet component)
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Figure 5 Improved model structure diagram
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model in the first half of April (1 d)
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Figure 9 Active power based on wavelet transform in the

first half of April bidirectional model prediction curve (1 d)
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Figure 10 Reactive power based on wavelet transform
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model prediction curve (1 d)
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Table 3 Comparison of performance metrics of traditional and improved models with active datasets
& G AR TR W ghEr AN AEES M ae/kW Mape/ % Ruse/kW R?
— — — 0.068 25 5.531 61 0.163 85 —1.436 72
N/ 0.068 44 5.553 65 0.162 57 —1.316 87
— NG — 0.041 32 3.755 55 0.084 86 0.777 05
N/ 0.067 76 5.517 86 0.162 44 —1.007 42
RNN
N N — 0.038 15 3.462 20 0.084 06 0.792 01
— N Nj 0.040 40 3.622 52 0.091 75 0.734 07
N — N 0.069 69 5.622 66 0.172 05 —0.526 48
N/ N NG 0.034 01 3.123 61 0.080 30 0.820 38
CNN 0.067 48 5.451 14 0.162 54 —1.436 77
CNN /)N 725 6 — — — 0.041 85 3.826 53 0.090 23 0.765 04
— — — 0.068 27 5.524 99 0.163 66 —1.456 88
N — — 0.068 69 5.556 65 0.163 05 —1.487 90
— NG — 0.040 08 3.627 75 0.088 70 0.759 98
— N 0.068 01 5.506 41 0.162 82 —1.347 18
LSTM
J J 0.036 55 3.328 08 0.087 12 0.776 25
NG N 0.041 05 3.714 67 0.087 97 0.762 25
J J 0.071 35 5.729 84 0.196 84 —0.792 43
N N NG 0.034 09 3.165 28 0.078 61 0.809 90
CNN — — 0.068 05 5.501 55 0.163 35 —1.380 21
CNN-+ /N A5 e — — — 0.037 25 3.390 88 0.085 15 0.789 05
— — — 0.068 62 5.553 10 0.162 99 —1.466 40
N/ 0.067 68 5.475 98 0.162 47 —1.352 14
— J 0.041 02 3.730 75 0.087 78 0.765 36
N/ 0.068 25 5.524 50 0.162 66 —1.387 90
GRU
N N 0.037 36 3.328 08 0.083 27 0.797 52
— N Nj 0.039 83 3.606 19 0.090 41 0.751 67
N NG 0.069 95 5.740 60 0.164 30 —0.743 83
N N NG 0.034 30 3.116 60 0.080 99 0.803 40
CNN 0.069 06 5.601 25 0.162 92 —1.318 60
CNN-+ /N A5 e — — 0.039 79 3.620 02 0.087 33 0.772 69
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Table 1 Comparison of performance metrics of traditional and improved models with reactive datasets
& G A5 R W ghg AN AEES Mag/kvar M ape/ % Rwmse/kvar R?
0.055 02 25.334 30 0.085 16 —0.259 19
N — — 0.055 12 25.406 88 0.082 83 —0.667 17
— NG 0.025 79 9.489 88 0.033 66 0.861 26
— N/ 0.050 76 23.702 39 0.078 47 —0.558 45
RNN
N N/ — 0.024 36 9.499 86 0.033 53 0.864 51
— N N 0.025 55 9.813 21 0.033 91 0.859 72
J — J 0.055 51 26.185 28 0.083 64 —0.965 95
N NG Nj 0.017 29 6.574 11 0.029 00 0.899 67
CNN — — — 0.055 12 25.097 58 0.083 37 —0.541 41
CNN-+ /N 728 #e 0.028 62 11.113 06 0.037 60 0.827 02
— — — 0.054 24 24.638 23 0.084 46 —0.346 04
J — — 0.055 05 24.841 69 0.083 36 —0.463 13
— N — 0.028 05 12.447 47 0.038 35 0.854 82
J 0.051 24 24.717 57 0.079 92 0.097 19
LSTM
N NG — 0.024 47 11.127 09 0.037 68 0.861 55
— N N 0.026 29 11.362 34 0.037 66 0.856 81
N — Nj 0.058 00 28.338 91 0.086 62 —1.991 33
N N NG 0.025 72 11.136 91 0.037 06 0.860 01
CNN — — 0.054 64 24.656 26 0.083 35 —0.251 57
CNN-+ /)N 725 — — — 0.025 34 9.834 29 0.036 31 0.831 03
0.055 48 25.658 71 0.084 56 —0.153 12
N — — 0.055 54 26.103 97 0.084 18 —0.029 77
— NG — 0.026 91 11.282 24 0.035 66 0.857 73
— — N/ 0.051 45 24.802 94 0.079 98 0.100 86
GRU
NG N 0.025 06 10.452 90 0.035 52 0.861 12
N NG 0.027 40 11.588 65 0.036 27 0.857 14
J — J 0.054 93 25.061 18 0.083 93 —0.544 88
N NG N/ 0.022 04 9.583 60 0.035 27 0.876 00
CNN — — 0.056 11 26.509 59 0.085 56 —0.074 35
CNNH /i 25 e — — 0.026 24 11.062 41 0.037 45 0.850 41
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