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(School of Electrical Engineering, Shenyang University of Technology, 110870, China)

Abstract: [ Objective ]

forecasting (MRLF) is a critical foundation for ensuring grid

Accurate  multi-regional  load

stability and optimizing the economic dispatch of modern power
systems. Traditional load forecasting methods face challenges
in capturing the dynamic spatial dependencies among multi-
regional loads. To address the problem that traditional methods
are unable to extract dynamic spatial features among loads, a
MRLF model based on decoupling and adversarial graph
attention network ( DAGAT) is proposed. [ Methods] The
model effectively extracted the dynamic spatial features
between multi-regional loads through graph attention networks.
Firstly, the regional load series was decomposed into trend and
fluctuation components using discrete wavelet transform
(DWT). Secondly, a two-channel feature extraction module
was designed to extract the spatio-temporal features of the
multi-regional load series based on the different characteristics
of trend and fluctuation components. In addition, a generative
adversarial network architecture based on zero-sum game was
introduced for adversarial training of spatio-temporal prediction
models, the resulting adversarial loss was weighted and
combined with a traditional forecasting loss function as the loss
function of the model. Finally, simulation validation was
performed based on real multi-regional load data from the New
York independent system operator. [Results] Comparison and
analysis with mainstream models showed that the DAGAT
model proposed in this paper was more superior than traditional
machine learning models, prediction models that only capture
temporal dependencies, and prediction models that express
spatial correlations using static weight matrices. The
superiority of the model stemmed from the fact that the graph
attention network captured the spatial correlation between
multi-regional loads by learning dynamically changing weights,
and the DWT clearly represented the characteristics of the

multi-regional load series, and the joint loss further optimized

the model parameters. [ Conclusion ] DAGAT effectively
improves the accuracy of MRLF and solves the problem that
dynamic spatial features between multi- regional loads cannot
be captured, which is effective and superior in engineering
practice.

Key words: decoupling; generative adversarial network;

graph attention network ; multi-regional load forecasting
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Fig.3 Different components of regional load series
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Fig. 6 Clustering results of the DBSCAN algorithm
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Tab.1 Model hyperparameter settings

SRR 2R SRR 2R
Batch-size 64 DWT level 1
Input-dim 1 Output-dim 1
Features 128 Kernel-size 2
Num-layer 2 Enpoch 100
Wavelet Coiflets Learning rate 0.001
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Fig.10 Comparative results of the performance of
different models
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Tab.2 Results of model evaluation indicators

LT 24 R MAE/(MW-h) RMSE/(MW-h) MAPE/%
ARIMA 183.054 302.839 11.92
SVR 128.414 202.464 8.98
Dlinear 110.304 179.174 8.12
Pyraformer 84.060 122.730 6.63
Autoformer 72.886 110.387 5.52
PatchTST 67.703 113.608 5.57
LSTM 65.730 103.416 5.04
Crossformer 61.196 96.670 4.72
STGCN 57.607 90.009 4.49
AGCRN 57.427 91.100 4.54
DAAGCN 56.690 91.350 4.24
MTGNN 56.439 88.957 4.46
STNorm 56.243 89.598 4.39
GWNet 55.949 88.515 4.60
DAGAT 52.954 85.056 4.16
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Fig. 11 Dynamic weight change process
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Fig. 12 Distribution of prediction errors for different models
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Fig. 13 Comparison of predicted value curves of different models
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