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Integrated energy multiple load forecasting for multiscale

routing spatiotemporal attention

WANG Dewen'?, ZHANG Linfei', MIAO Qingjian', LI Chenghao', ZHAO Wenqing'~
(1. Department of Computer, North China Electric Power University, Baoding 071003, China; 2. Hebei Key Laboratory of Know-
ledge Computing for Energy & Power, Baoding 071003, China; 3. Engineering Research Center of Intelligent Computing for Com-
plex Energy Systems, Ministry of Education, Baoding 071003, China)

Abstract: Accurate multi-energy load forecasting is critical for the stable operation of integrated energy systems (IES).
Existing methods often fail to capture the complex interactions among electricity, cooling, and heating loads, thereby
limiting forecasting effectiveness. To address this challenge, this study first conducted an in-depth analysis of the statist-
ical features of multi-energy loads, their seasonal-intraday coupling patterns, and their correlations with weather factors.
Based on these insights, a multiscale spatiotemporal routing attention model was proposed for multi-energy load fore-
casting in IES. The model incorporates multikernel local decomposition to extract multiscale periodic and trend features,
while a routing spatiotemporal attention mechanism, coupled with a multiscale encoder—decoder, is designed to capture
inter-load dependencies and load—weather correlations. Periodic forecasts produced by this framework are further com-
bined with trend predictions from recurrent neural networks to generate the final outcomes. Extensive evaluations on
real-world datasets, including coupling analysis, ablation studies, and comparative experiments, demonstrate that the
proposed model consistently outperforms mainstream methods such as LSTM, Transformer, CNN-GRU, Autoformer,
and FEDformer, across varying levels of load coupling strength.

Keywords: integrated energy; multiple load forecasting; multiscale; multicore local decomposition; routing spatiotem-
poral attention; periodicity; tendency; coupling; correlation
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Fig.1 Model of integrated energy multiple load forecasting for multi-scale routing spatio-temporal attention
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Fig. 9 Multi-scale encoder decoder structure
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Fig. 11 Prediction results of multiple load ablation experi-
ment in summer
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Table 3 Comparison of multiple load ablation results

" RMSE MAPE/% , X , "
B G BffiTon  AGMMBu B o gy s IS
AL 2.98 3.20 2.67 124982  565.76  0.22 1249.82 43458
HEAI2 2.56 2.54 1.83 104526  521.03  0.16 1546.26 75824
AR 237 2.09 1.86 97758  466.35 0.14 1277.58 54689
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Fig. 12 Prediction results of six models of multi-load in
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Table 4 Performance comparison of models in spring
gl RMSE MAPE/%
HL ST AW 1% B fiff/Ton A/ (MMBtu/h) FL B Ay ¥ B A7 o
LSTM 1232.89 630.09 0.21 3.92 2.98 3.40
Transformer 1298.17 524.01 0.24 2.83 2.82 2.58
CNN-GRU 1167.52 498.09 0.17 3.31 2.59 243
Autoformer 1023.51 413.28 0.15 2.49 2.38 2.49
FEDformer 921.34 428.39 0.13 2.28 2.23 2.33
AR 923.51 423.28 0.12 2.23 2.21 2.36
TE: IR ECT B s R
F5 BEFomMiEREaExttt
Table 5 Performance comparison of six models in summer
Wi : RMSE l\fIAPE/%
FA £ fal kW ¥ £ faf/Ton AT /(MMBtu/h) FEL 971 Sy i AT
LSTM 1374.46 646.54 0.14 3.65 3.28 1.82
Transformer 1074.03 582.73 0.27 2.86 2.61 2.48
CNN-GRU 1193.07 560.43 0.18 3.13 2.84 2.78
Autoformer 1064.45 505.84 0.17 2.47 2.54 2.24
FEDformer 995.93 485.32 0.14 2.56 241 2.09
AR 977.58 466.35 0.15 2.37 2.22 1.86
T BRI s R
Fo FZFE o MEBERERTLL
Table 6 Performance comparison of six models in autumn
oAy RMSE MAPE/%
HL B A kW ¥ B/ Ton A7 4/ (MMBtu/h) HL A7 V&t Ity
LSTM 1285.54 682.29 0.21 3.49 3.23 3.32
Transformer 1393.40 590.70 0.23 3.34 2.82 2.47
CNN-GRU 1034.59 498.64 0.17 2.28 2.35 2.78
Autoformer 1293.32 528.39 0.26 3.02 2.48 2.54
FEDformer 920.28 428.92 0.19 2.24 2.19 2.09
AHERY 921.08 420.34 0.17 230 2.12 1.79
TE: IRECF B2
RT EF o MEBMERERTLL
Table 7 Performance comparison of six models in winter
iz RMSE MAPE/%
FL BT kW ¥ 1 fif/ Ton AL £5/(MMBtu/h) HL BT & BT I Ay
LSTM 1419.76 687.29 0.23 3.90 3.92 2.59
Transformer 1284.42 592.90 0.20 2.92 2.59 2.33
CNN-GRU 1347.24 589.07 0.19 3.48 2.40 2.04
Autoformer 1043.02 523.40 0.21 2.73 2.54 241
FEDformer 998.93 489.74 0.18 2.48 242 1.96
AR 989.46 472.98 0.19 2.43 2.34 1.90
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