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Intelligent forecast of material demand for discrete manufacturing products
based on LightGBM model

LI Tingting, HUANG Xindi, CAO Mengmeng, LI Jianfeng

( School of Economics and Management, China Jiliang University , Hangzhou 310018, China)

[ Abstract] The material demand of discrete manufacturing products is influenced by various factors. Traditional material demand
prediction algorithms require high data requirements, and enterprises need to perform many calculations. Moreover, the prediction
lead time is short, and the accuracy is low, which cannot meet the production plan of enterprises in a timely manner. To improve the
accuracy of material demand prediction in the manufacturing industry, this study uses discrete material demand data from Midea
Group for modeling and analysis. First, data preprocessing and feature engineering are carried out, and the statistics in statistics are
used to build the sliding and lagging characteristics. Then, the LightGBM model is built and fitted to forecast the material demand
and compared with the traditional time series SARIMA model. The prediction accuracy of the average absolute error MAE evaluation
model is introduced, and the model time complexity and prediction accuracy are compared and analyzed. The results indicate that the
LightGBM machine learning model has higher efficiency and accuracy in predicting material demand in discrete manufacturing
industries with monthly time granularity, which is more conducive to improving the production efficiency of discrete manufacturing
enterprises.
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Fig. 1 level-wise growth strategy
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Tab. 4 Build hysteresis and slip characteristics
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Fig. 4 Monthly demand curve ( January 2018 to November 2020)
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Tab. 5 Data preprocessing and category coding
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Tab. 7 Parameter confirmation method
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Fig. 8 Autocorrelation graph

0 2 4 6 8 10 12

B9 wBEMEXE

Fig. 9 Partial autocorrelation graph

500f

Trend
—_—d I

25

Seasonal

Resid

10 =EPHUIBERE

Fig. 10 Seasonal decomposition results

XTI F) 245 P D] 3R Bis 4T ADF PRk

I, 3 P EA 0.0, 1 IH J 2 T e PR 38 B e T A2
TR AT EIATES D =0,

R4 25 1 M R 2R 1 O 1R S BT (B 1) A A A
KEI(E12) 456 M8 RE AIC 1, 1 & B AL
BERIZHE P =30 =1, &ZABIEMA SARIMA
(1,1,1)x(3,0,1,1,2) 80

-0.2

-0.7

15 20 25

10

B 1 EPHEERREHEXE

Fig. 11 Partial autocorrelation graph of seasonal factors
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