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Classifying Model of Ancient Glass Products Based on Ensemble Feature Selection and
Random Forest

LU Jiajia
(Computer Information and Engineering Academy, Shan Xi Technology and Business College, Taiyuan 030006, China)

Abstract: This paper was to construct ensemble feature selection and random forest for the identification of ancient glass products via
integrating the machine learning algorithm into the identification and analysis of ancient glass products and taking accuracy rate and
AUC as the measurement indexes of classification performance. The results of different feature selection methods were analyzed, and
the important chemical components were selected. The selected important features with random forest, k-nearest neighbor learning
and naive Bayesian were investigated. The results show that lead oxide, barium oxide, and potassium oxide have an impact on the
weathering of the glass surface by using ensemble feature selection. In high potassium glass, three components are closely related, the
accuracy of classification by the random forest based on the k-fold cross validation for selected important features is great, and the
model is stable. This method can provide a theoretical reference for the composition analysis and category identification of ancient
glass products, and other glasses.
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Table 1 Corresponding table of each variable and
chemical composition

Variable Composition
X Silicon dioxide
X, Sodium oxide
X5 Potassium oxide
X, Calcium oxide
X Magnesium oxide
Xs Alumina
X, Ferric oxide
X5 Copper oxide
Xy Lead oxide
Xio Barium oxide
X, Phosphorus Pentoxide
X5 Strontium oxide
X3 Stannic oxide
X4 Sulfur dioxide
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Table 2 Logistic model estimation

Estimated value Standard deviation Pr(>(z))
Constant -16.030 0 6.6357 0.015 7*
X 0.176 4 0.0712 0.013 2*
X7 23298 1.044 8 0.025 8*
Xg 0.5254 0.196 2 0.007 4**
X4 —0.989 6 0.476 8 0.037 9%
Xs —0.3403 0.929 4 0.714 2
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Table 3 MeanDecreaseGini value

Variable MeanDecreaseGini
X1 1.817 691 97
X2 0.043 13553
X3 3.706 863 24
X4 1.351 050 60
Xs 0.449 696 75
X6 1.073 914 60
X7 0.540 867 55
Xg 1.381 556 57
Xo 3.498 564 97
X10 2.296 866 35
ST 0.065 679 64
X12 1.360 197 85
X13 0.109 217 47
X14 0.290 549 79
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Table 4 Variable importance value

Variable Importance value
Xo 6.379 598 6
X1 3.673 5484
Xg 1.4512472
X10 5.929 408 1
X12 2.8353772
X3 4.253 0657
X4 2.480 950 0
X6 0.161249 7
X14 0.483 749 1
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Table 5 Comparison of accuracy of different classifiers

Model Accuracy
Random forest 0.95 0.90 0.85 0.80
k-Nearest neighbor 0.86 0.79 0.93 0.71

AUC s ROC #HZE R TH #-# 20 i TH AR R
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Table 6 Changes with Ntree and Mtry lead to changes in

AUC
Ntree AUC Mtry AUC
10 0.788 2 0.800
20 0.833 3 0.667
30 0.732 4 0.875
50 0.750 5 0912
80 0.780 6 0.567
100 0.775 7 0.900
250 0.778 8 0.804
300 0.833 9 0.694
400 0.867 10 0.960
500 0.750 11 0.867
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Table 7 Classification forecast results

Cultural relic Predict results

number Random Forest Naive Bayes  k-Nearest Neighbor
Al High potassium  High potassium  High potassium
A2 Lead barium Lead barium Lead barium
A3 Lead barium Lead barium Lead barium
A4 Lead barium Lead barium Lead barium
A5 Lead barium Lead barium Lead barium
A6 High potassium  Lead barium High potassium
A7 High potassium  Lead barium High potassium
A8 Lead barium  High potassium Lead barium
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