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A design of an improved self-organizing mapping method
based on a knowledge reasoning framework

YANG Weikai, WANG Yan
(School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China)

Abstract: In the rapidly developing world of Internet technologies, a vast amount of process knowledge data is gener-
ated in the smart manufacturing process. To effectively utilize this data and master it, we propose an improved self-or-
ganizing mapping algorithm within the framework of knowledge reasoning. The improved algorithm screens and optim-
izes the process knowledge data in the knowledge base using collaborative training, enhancing the anti-localization abil-
ity of the winning unit. The improved self-organizing mapping algorithm judges the knowledge reasoning criteria of the
winning feature unit and selects sample data with high confidence through the mapping of vector space and the use of
the hyperbolic space distance formula. Multiple cycles of screening are carried out to further improve the utilization of
feature information and enhance the effective prediction of process knowledge data. Through the modeling and simula-
tion of actual milling process data, the proposed method demonstrates its strong predictive and optimized performance

when faced with multi-sample data.
Keywords: knowledge reasoning; predicting; self-organized mapping; smart manufacturing; map matching; confidence;
hyperbolic space; winning unit
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Table 1 Performance comparison of different methods
Tk HTMZ%  RMSE  BHK/ms
ST SOM 0.1589 96
Bl F AU DGSOM 0.13611 118
NIRRT CF-SOM  0.1286 238
EASLTy A MOPSO 0.1186 135
e N T 0% ABC 0.1214 128
ARSI KGSOM 0.1131 123
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