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Fig.1 General framework for multivariate
load forecasting models
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Fig.4 Importance ranking of XGBoost
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Table 1 Impact of shared GRU layers on the model
GRU Eﬁ U”g‘%ﬁj‘lﬁl/s EMAPF/%
1 1926 13.21
2 3159 10.65
3 4351 6.12
4 5 863 6.03
5 7015 7.16
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M GRU JZ M2 0B BRI S B0 )12k
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ZETCA Rk 25 15 22 11 k5] DA e 6 o LA B L
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Table 2 Impact of the number of neurons
in the GRU layer on the model

WA SEECE IGRTE/s  Eyapp/ %

16 3162 1312 15.36
32 7 395 2163 10.26
64 16 718 4516 6.59
128 30 125 11 236 6.41
256 56 121 26 127 8.20
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KRR, BRI SR 3 R Sk ARl 250
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SCHEE BRI 250,
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Table 3 Impact of the maximum number
of iterations on the model

RERE VIGRETR/s  Eyape/ %
30 1 956 13.89
50 2321 13.67
100 2 693 10.59
150 3125 9.62
200 3961 8.23
250 4 679 6.35
300 5793 6.93
500 7 695 10.36
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Table 4 Hyperparameter setting
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Fig.5 Full year operation of integrated energy stations
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Fig.6 Load forecast curves in typical summer days
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Fig.7 Load forecast curves in typical winter days
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Table 5 Comparison of evaluation indicators
in typical summer days

v AT

AL

sl
ER\TSE/MW EMAPE/% ERMSE/MW EMAPE/%
LSTM 177.32 12.56 43.68 3.48
LSTM-MTL  75.36 6.01 27.85 2.19
SR 25.08 2.02 15.34 1.07

*6 ZFATHIFMIBRITLL
Table 6 Comparison of evaluation indicators
in typical winter days

AR LA
B
ER\’ISE/MW EMAPE/% ERMSE/MW EMAPE/%
LSTM 149.90 26.00 42.29 4.36
LSTM-MTL ~ 72.82 12.19 25.43 2.55
AL 29.14 4.97 11.75 1.12
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Multivariate load forecasting for integrated energy system based on XGBoost-MTL
MA Chuanjie, SUN Yuzhen, PENG Daogang, ZHAO Huirong
(School of Automation Engineering,Shanghai University of Electric Power, Shanghai 200090, China)

Abstract : Accurate multivariate load forecasting is a prerequisite for optimal scheduling and stable operation of integrated
energy system (TES). Aiming at the complex coupling relationship between multiple loads and many factors affecting load
forecasting in TES, a method for multivariate load prediction based on extreme gradient boosting ( XGBoost) and multi task
learning ( MTL) is proposed. Firstly,the contribution of each influencing factor to the multivariate load is obtained by XGBoost
importance ranking,and the key factors influencing the load prediction are selected as the input of the prediction model based
on the contribution, which ensures the effective correction of the input features to the multivariate load prediction. Secondly,the
gated recurrent unit (GRU) is used as a shared layer to build the MTL prediction model, and the sub-tasks share information
with each other to effectively exploit the complex coupling relationship between the loads. Finally,the validity of the proposed
model is verified by using the load data of an integrated energy station in Shanghai as an example,and the results show that the
model can adapt to the changes of various types of loads in the actual integrated energy system, effectively improving the
prediction accuracy and reducing the training time.

Keywords : integrated energy system ( IES) ; multivariate load forecasting; coupling relationship; extreme gradient boosting
(XGBoost) ;multi task learning ( MTL) ; gated recurrent unit ( GRU)
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