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Life Prediction of Construction Machinery Core Components
Based on Stacking Model Fusion
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Abstract:Predictive maintenance is the focus of industrial Internet application.The key to predictive maintenance

is to effectively predict the life of equipment system or core components.With the development of machine learning in

recent years,the massive data of mechanical equipment has become the key index of the residual life of core components

in industrial Internet analysis and the decision-making data of equipment health management as well.Based on big data of

construction machinery,multi-dimensional search of sample characteristics affecting the life of mechanical core components

is conducted by combining multiple machine learning models,such as XGBoost,RandomForest and LightGBM,where

Stacking algorithm is used to construct the component life prediction model,and the validity of model prediction is verified

on the core component data.This reduces unplanned downtime and advances the intelligent manufacturing and predictive

maintenance.
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of life prediction data for core components of
construction machinery)
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Tab.2 Min—Max normalization

TEE#A Min Max
T AR _shape 10.0 580508.0
EMES R _max 2227.5 401764.0
ZHESH2_max 0 378345.5
EEVRAE B 1_argmax 0 429846.0
F{E 52 _argmax 0 93459.0
JE 71551 _argmax 4.0 502504.0
JE71{552_argmax 1.0 207233.0

RE(E S _max 47.8 150.0
{5 5 _argmax 0 311276.0
Life 246.75 22801.75
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(Construction of life prediction model for core
components of construction machinery)
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Tab.3 K—Means result

k_class 0 1 2 3 4

T /ER Kmax 0.446 0.044  0.108 0.54 0.263
R LAER Hestd 0.435 0.043  0.106 0.525 0.258
ZHESH1std 0.464 0.046  0.115 0.525 0.269
EESHomax 0.481 0.054 0.126 0.56 0.285
ZERESHstd 0.483 0.055  0.126 0.558 0.287
5352 largmax 0.092 0.01 0.019 0.172 0.048
L% B 2argmax 0.41 0.041 0.077 0.465 0.177
JE 71155 largmax 0.08 0.008  0.019 0.159 0.039
JE 1155 2argmax 0.137 0.02 0.03 0.186 0.069
(55 _max 0.521 0.227  0.509 0.576 0.413
RS Sargmax 0.714 0.047 0.09 0.052 0.184
84¥score 0.028 0.007  0.029 0.023 0.026
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Tab.4 Scores of predictive effect of eight basic models

B AR Tz
XGBRegressor 0.031725
lightgbm 0.031193
DecisionTreeRegressor 0.022978
GradientBoostingRegressor 0.029988
RandomForestRegressor 0.013027
Lasso 0.005298
ElasticNet 0.005319
KernelRidge 0.017499
Average CV Mean Accuracy
KernelRidge
ElasticNet
RandonForestRegressor
GradientBoost ingRegressor
DecisionTreeRegressor
lightgbm
YEBRegressor
000 000 g0 aors 2o 0o )
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Fig.1 Comparison of prediction effects of 8 basic models
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Fig.2 Stacking multi—model fusion process
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Fig.3 Four—fold cross validation for prediction process

4 FERVTE ML R (Model prediction results)
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Fig.4 Prediction results of four days life model
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Fig.5 Prediction results of 30 days life model
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5 #Eif(Conclusion)
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