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A production quality evaluation model based on XGBoost—-INGO-KELM
XIE Ke, YE Chunming

(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Aimed at the problem of multi—process production quality evaluation in the manufacturing process, a production quality
evaluation model based on XGBoost-INGO-KELM is proposed. Firstly, XGBoost algorithm is used to calculate the importance of
each feature in the production process, delete features without importance, and use the remaining features as feature subsets for
classification training. Then, the INGO algorithm is used to find the optimal parameters in KELM, and then the optimal parameters
are brought into KELM for classification and prediction of production quality. The experimental results show that compared to
models such as SSA, NGO, and INGO-KELM, the XGBoost—INGO-KELM model proposed in this paper has higher prediction
accuracy, providing a better way to achieve high—precision production quality assessment. .
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Fig. 2 Scatter plot of features in the production dataset
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Fig. 3 Box plot of features in the production dataset
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Fig. 8 Confusion matrix for each model
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Table 2 Importance of production dataset attributes

q‘%?ﬂ: BZ B4 Bé BIO B]l BIZ B]3
TR

0.23 0.20 0.05 0.42 0.02 0.05 0.03
R3 TREEBISER T AR

Table 3 Comparison of different model parameters and prediction

accuracy
EN L T
LAY Wil a HipRELL
Z¥c B A E
SSA-KELM 1.699 1.332 0.878 84.5
NGO-KELM 4756 0.455  0.523  87.3
INGO-KELM 7.396 0.718 0.781 90. 8

XGBoost-INGO-KELM 3.122 2.136 3.121 95.8
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