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Study on the Prediction Method of the Internal Chemical Composition of
Weathering Surface of Ancient Glass
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(School of Sciences, Xi’an University of Architecture and Technology, Xi’ an 710399, China)

Abstract; Weathering of ancient glass during burial can cause changes in its chemical composition ratio. The study
researches the method of reducing the weathering surface chemical composition of ancient glass to internal chemical
composition data, and constructs a weathering data reduction model based on the combination of statistics and machine
learning methods. Then the study defines weathering degree of samples according to the surface chemical composition,
and designs an unsupervised integrated decision method for feature selection to select important features. For important
features, the K-means model is used to classify weathering degree categories. Regression, mapping and other weathering
reduction models are established according to the statistical and component correlation characteristics of weathering
degree categories. The internal chemical components reduced by using this model meet the effectiveness requirements.
Two indexes of prediction error and class reduction accuracy are used in result rationality test. The average accuracy of
chemical composition prediction is about 67.3% , and the accuracy of class reduction is about 90% .
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Fig.1 Lead barium glass chemical composition proportion
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Fig.3 Comprehensive evaluation of feature importance
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Fig.4  Weathering reduction method
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Tab.1 Comprehensive evaluation score of the surface data
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P, 05 0.08 0.25 0.02 0.59
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Sn0, 0.07 0.00 0.03 0.33
S0, 0.04 0.48 0.02 0.64
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Fig.5 Zero proportion of grade 2 weathering
matching sample data
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Tab.2  Characteristic descriptive statistical index and reduction method
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Tab.3  Use method of each feature

Tk FHIE
EVEEVESS Al,0; ,Cu0O ,BaO
W5} Na, 0K, 0,Ca0 MgO ,Sn0, SO, .St0
IrB Si0, ,Fe, 05 \PhO P, 05

61



3.3 KAk A ER A I

X A S FEAT A S ik S . W R A HE AT
AR50 , SR FH IO, MRS AR FIREAS AT 4 2850
B EAT AN o (T2 W WA IR A Y R T 1
RN AT A 2T A N R . DL 2 SR B BT,
FeVERCEE A 11 R XA BRI T AR 5L, DIREA
G =29 RlJZ W% AR A 9], 3 it 45 3R B L SAE X L &
KUK 4 PR AR AR TN AEL R 3 R 99.39% , fEA
BN

F4 MEERC-29 MEREDMTRER
Tab.4  Reduction results of the shedding part of the

glaze layer in matched sample G —29
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Tab.5  Confusion matrix for classification categories of predicted values
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