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Multi load short-term forecasting of an integrated energy system based on a GRU-TGTransformer

LI Yunsong, ZHANG Zhisheng
(College of Electrical Engineering, Qingdao University, Qingdao 266071, China)

Abstract: The multi load short-term forecast is very important for the optimal scheduling and economic operation of an
integrated energy system. There are strong coupling relationships among the multi loads, and the model structure of the
transformer is completely based on the self-attention mechanism. This can better analyze the internal relationship between
multi loads. It is difficult to directly apply the traditional transformer in multi load forecasting because it is designed for
natural language processing problems. For this reason, this paper proposes a GRU-Talkinghead-Gated
residuals-Transformer (GRU-TGTransformer) model, which uses gated recurrent units, instead of the original word
embedding and position coding links, to extract the input features of input data and obtain high-dimensional feature data
with relative position information. By introducing a communication mechanism in the multi-head self-attention, the
self-attention expression effect is improved. A gate unit is introduced into the residual connection to improve the stability
of the model in time series prediction. This paper uses the integrated energy system of Arizona State University's Tempe
campus as an example to prove that the proposed model has higher prediction accuracy than the traditional model.
This work is supported by the National Natural Science Foundation of China (No. 52077108).
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Fig. 1 Input data correlation analysis

1.2 ZhfBEXMES T

IES FI P FH e B Bo0m i A S e pi e, a4
AT 3 s A g i, wT AR G b T 74 1R AR SR 1
A ST AR A 73 B ) P 52 A fr B s AT 1 i
AR DAY T R BCR S RE R, AEBR S Aoy By
P ARRIIHREE ] o ASCIREL T — & N IS BRI 8] 7
SPGB AT E ARSI T, AN
cov(X,, X, )
=——;;—— “)
ey Nk IR GRS D S B B A G R
s X, ONTE kP S g B s X, RS kR
¢ I B S 8 s cov(X,, X, )N X, 5 X,
T2 oF ARMNBEIT 2, EE
SiRE 1 iR,

x 1 HEATKIEEEX S

Table 1 Autocorrelation analysis of historical load
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Fig. 2 Input feature set structure
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Table 3 Comparison of forecasting performance of different models
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