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Abstract: To improve the accuracy of short-term user load prediction, a model based on an adaptive graph attention
network (AGAT) is proposed. First, to solve the problem of small scale and strong volatility of user load, a gating
mechanism is used to construct a time sequence feature extraction layer combined with multiple expanded convolution
kernels of different sizes, and the high-dimensional time sequence features of user load are extracted at multiple scales.
Considering the potential dynamic correlation between different user loads, Mahalanobis distance is used to construct the
dynamic graph learning layer and generate the dynamic graph adjacency matrix. Then the graph attention network is used
to gather the information of the high dimensional time sequence features of the user load according to the dynamic graph
adjacency matrix. Finally, the predicted user load is output through the fully connected layer. To verify the validity of the
AGAT model, the UCI power load dataset is used for prediction experiments. The experimental results show that the
prediction indices of the proposed model are better than those of various baseline models. This is helpful for the
improvement of the accuracy of short-term user load prediction.
This work is supported by the National Social Science Foundation of China (No. 19BGL003).
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Fig. 1 Multi-head graph attention calculation process
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Fig. 3 Actual load of two power users in a given week
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Table 1 Evaluation indicators of total load predicted

by different models

FRRI R R Map/kW Ryisi/kW Mape/%
NF 30 053.84 47 568.06 3.76
ARIMA 21 556.11 32 196.81 2.52
CNN-LSTM 15 065.55 24261.27 1.77
LSTNet 14 288.44 23 055.20 1.68
STGCN 12 083.21 16 854.01 1.52
MTGNN 11 192.69 17 910.11 1.46
AGAT 10 155.78 15 805.35 1.33
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Table 2 Average of evaluation indicators of all user

load predicted by different models

R Mas/kW Russ/kW Maps/%
NF 266.52 432.95 11.76
ARIMA 143.84 206.35 7.62
CNN-LSTM 124.68 187.04 7.10
LSTNet 117.63 183.43 6.94
STGCN 110.69 173.39 6.68
MTGNN 110.13 172.72 6.65
AGAT 105.42 167.49 6.35
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Fig. 5 Comparison of total load predicted values of

different models
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Fig. 10 Load for three power users over two weeks
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Fig. 11 Dynamic correlation curve of power user load data
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Table 3 Evaluation index of the total load predicted by multiple models on different forecast time scales

PN T R

FR YT VAL bR

lh 3h 6h 12h IIPN 3R 7R

Me/kW 14 288.44 21379.54 26 529.10 29 906.02 3171041 42 268.71 51384.37

LSTNet Ryvse/kW 23 055.20 32719.98 43 769.08 50 069.28 50531.23 64 857.20 83407.84
Mape/% 1.68 2.47 3.08 3.55 3.72 4.76 5.42

Mag/kW 12 083.21 19 903.27 23 782.74 26 516.53 28 050.03 38 621.35 50179.03

STGCN Ruvse/kW 16 854.01 31607.09 38910.88 42 960.62 45776.37 62 448.82 82 568.16
Mape/% 1.52 235 2.76 3.13 3.27 4.39 5.33

Mae/kW 11 192.69 18 927.12 24014.93 25021.29 27 030.05 37 805.52 50 661.08

MTGNN Ruse/kW 17910.11 29 568.95 38 868.32 41593.82 45318.71 60 756.19 8244315
Mape/% 1.46 2.29 2.83 291 3.21 4.24 5.39

Mag/kW 10 155.78 17 328.79 21961.72 24 507.58 26 447.05 36 967.45 50 054.45

AGAT Ryvise/kW 15 805.35 28 709.30 36 003.72 40 470.71 44 507.34 59 357.51 82245.79
Mape/% 1.33 2.15 2.57 2.74 3.04 4.18 5.28
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Table 4 Average value of evaluation indexes of all user load predicted by multiple models on different forecast time scales
e b L
1h 3h 6h 12h 1R 3R BN
Mpe/kW 117.63 151.02 167.48 176.60 181.25 212.41 247.51
LSTNet Ryvse/kW 183.43 237.55 257.26 276.74 285.18 333.72 391.73
Mppe/% 6.94 8.84 9.53 9.94 10.35 10.96 11.27
Mpp/kW 110.69 150.46 163.86 168.61 177.09 205.44 245.38
STGCN Ruse/kW 173.39 235.30 254.43 269.42 280.45 326.84 391.21
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