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Analyze the machine learning forecast result using the polynomial equations

R ! fhi R
Hsin-Ching Chih Wei-Chen Lin
LR E¥

Yih-Der Lee Jheng-Lun Jiang

e !
Kai-Chao Yao
i
Jia-Hao Cai

s 2
Wei-Tzer Huang
o A2
Yuan-Hsiang Ho

TRz e B R T B L
Department of Industrial Education and Technology, National Changhua University of Education
vichuang@cc.ncue.edu.tw

TPy AT
The Institute of Nuclear Energy Research

#&

A URFE Y RIS BT LR

2 (LSTM) & & "1 & #& 2 /% (XGBoost) = #8185 ¥
%éﬁﬁﬁﬁﬁl,_*%%ﬂqumgfnmzﬁHAmﬁ
SeAFRIHCA] > T E A diﬂﬁipm@ﬂ*ww’w
§¢%L§fr,}—;¢= .;tzﬁ:—m]e,llﬁﬁi

W;Wiﬁ%mnmﬁ& *
?%*uiﬁ*hib#+ BILh 5 AATR TR
fé}\ P rUAR B OB ] B o B RIFERAERE

LG FARREAE LTI FPLEE -

R R e TR A RS
i 4 45

B 4t

Abstract

This study focuses on the campus load forecasting that
utilizes the two machine learning methods, impact factors
analysis, and polynomial model. The long short-term
memory method (LSTM), eXtreme Gradient Boosting,
XGBoost (XGBoost), SHapley Additive exPlanations
(SHAP), and the polynomial model associates the work into
reality. LSTM and XGBoost methods serve the load
forecast work. SHAP method demystifies the forecast result
in the explanation. Finally, the proposed polynomial model
validates the specific confident level of the forecast result
for data exchange.

Keywords: load forecasting, LSTM, XGBoost, SHAP.
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