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Multimodal load forecasting for IES based on modal decomposition
and multi-model fusion

Li Dahua Zhao Zhicheng Tian He Gao Qiang
(Tianjin Key Laboratory of Control Theory & Application in Complicated Systems, Tianjin University of Technology.
Tianjin 300384, China)

Abstract: To address the challenges posed by the randomness and high volatility of multi-loads in integrated energy systems,
existing load forecasting methods often struggle to achieve high accuracy and stable prediction performance. To overcome this
issue, this paper proposes a short-term load forecasting method for IES based on modal decomposition and multi-model fusion.
First, the maximum mutual information coefficient is used for feature selection, aiming to effectively identify key factors
closely related to load variation. Next, sample entropy combined with mutual information is employed as the fitness function,
and the exponential triangular optimization algorithm is applied to obtain the optimal parameter combination for variational
mode decomposition (VMD), enabling effective decomposition of IES loads into multiple intrinsic mode functions. Then,
permutation entropy is used to filter the decomposition results and extract low-frequency and high-frequency components that
reflect the load variation characteristics. Finally, a BiLSTM network is used to predict the low-frequency components, while a
BiTCN-LPTransformer-BiGRU model is applied to forecast the high-frequency components. The final load prediction is
obtained by aggregating the predictions of all components. Verification using actual load data, specifically for spring electricity
load, shows that the model achieves an RMSE of 118. 394 kW, an R® of 0.991, and an MAPE of 0. 351%. Compared to
traditional models, this approach significantly improves prediction accuracy, validating the effectiveness of the proposed
method.

Keywords: integrated energy system; modal decomposition; maximum mutual information coefficient; exponential

triangular optimization algorithm;load forecasting
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Fig. 1 Design framework for multivariate load forecasting of IES
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Fig. 8 Decomposition results of electrical load
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Table 2 Spring season evaluation metrics of different models

H, 67 fif ¥ 1A A fif
7 f RMSE/
RMSE/kW MAPE/%  R*  RMSE/Ton MAPE/% R’ MAPE/% R
(MMBtush ™)

LSTM 243. 692 1. 288 0.962  188.070 4.274  0.963 0.211 2.025  0.909
GRU 209. 675 1. 054 0.972  135.015 3.276  0.981 0.146 1.461  0.956
TCN 105. 365 2.038 0.897  131.667 3.156  0.982 0. 224 2.085  0.898
BiLSTM 181. 277 0.914 0. 979 61.114 1.505  0.996 0.172 1.766  0.939
BiGRU 193. 713 0. 954 0.976 60. 618 1.373  0.996 0.108 0.974  0.976
BiTCN 374. 966 1.798 0.912 64.419 1.594  0.995 0.179 1.585  0.935
Transformer  284. 958 1. 475 0. 949 51. 808 1.250  0.997 0.134 1.303  0.963
ACHEER 118,394 0. 351 0. 991 42. 859 1.036  0.998 0. 096 0.957  0.981
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Table 3 Autumn season evaluation metrics of different models
F, 971 i % i fif A o
LT RMSE/
RMSE/kW MAPE/%  R* RMSE/Ton MAPE/% R’ - MAPE/% R’
(MMBtush 1)
LSTM 783.073 2.339 0.948  191.284 1.215  0.989 0.127 2.112  0.881
GRU 724. 918 1. 819 0.955  307.762 1.904  0.972 0.120 1.877  0.894
TCN 1035. 727 2.514 0.909  379.786 2.296  0.957 0.125 2.870  0.885
BiLSTM 772.121 2. 256 0.949  169. 667 1.099  0.991 0.077 1.745  0.956
BiGRU 374. 657 1.218 0.988  212.332 1.304  0.986 0. 087 1.958  0.944
BiTCN 1019. 156 2. 240 0.912  231.024 1.484  0.984 0.078 1.776  0.955
Transformer 491. 870 1. 630 0.979 208. 877 1. 399 0.987 0.047 0.758 0. 983
ARICEEFL 308, 443 0.819 0.991 157. 022 0.772  0.992 0.037 0.648  0.990
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Fig. 9 Spring season IES load forecasting results 304 AL 2 TR B AL 1(VBTB) A 2(E-BTB) .
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Fig. 10 Autumn season IES load forecasting results
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Table 4 Evaluation metrics of different models in the spring season ablation experiment
F, L fif & 17 7 A A
H A , . RMSE/ ,
RMSE/kW MAPE/ % R? RMSE/Ton MAPE/% R? . MAPE/% R*
(MMBtush ")
R 1 210. 824 0. 899 0.972 105. 301 2.635  0.988 0. 097 0.968  0.980
FET 2 227.018 1. 150 0.967 154. 057 3.627 0.975 0.116 1. 275 0.972
PR3 152. 814 0.790 0. 985 120. 403 2. 890 0. 984 0.136 1. 399 0.962
PR 4 229.906 1. 171 0.967 104. 786 2. 580 0. 988 0. 106 1. 064 0.977
AL 5 169. 498 0.596 0. 982 103. 753 2.442  0.988 0.111 1.179  0.974
AR S AR Y 118. 394 0. 351 0. 991 42. 859 1.036  0.998 0.096 0.957  0.981
£S5 MFEHBIWESEETMIER
Table 5 Evaluation metrics of different models in the autumn season ablation experiment
Gl & 171 fif A Ao
P , f RMSE/ ‘
- RMSE/kW MAPE/% R* RMSE/Ton MAPE/Y% R’ - MAPE/% R’
(MMBtush ")
PR 1 363. 152 1.132 0.988 183. 636 1. 225 0.990 0. 057 1. 057 0.976
PR 2 579.115 0.756 0.971 291. 981 1.592 0.974 0.069 1. 623 0. 964
A 3 462.122 1. 476 0. 981 175.509 1.114 0.990 0. 081 1. 503 0.951
AL 4 414. 454 1.323 0. 985 197. 934 1. 303 0. 988 0.079 1.453 0.954
P 5 478.511 1. 167 0. 980 211. 272 1. 403 0. 986 0.065 0. 803 0.968
AR SRR 308. 443 0. 819 0.991 157. 022 0.772  0.992 0.041 0.582  0.987
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Fig. 11  Ablation analysis of spring season IES load Fig. 12 Ablation analysis of autumn season IES load
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