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Abstract

There are many kinds of ancient glass and it is easy to be weathered by the environment. There-
fore, it is necessary to analyze the chemical composition data of ancient glass products, study the
changing rules of the composition of weathered glass products, and explore subclassification me-
thods, so as to accurately classify cultural relics according to the chemical composition of cultural
relics unknown. This paper uses K-means algorithm and BP neural network to subclassify glass
products, and then predicts the composition before and after weathering according to the sub-
classification types. Through the RUSBoost mechanical learning algorithm, 70% of the data is used
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as the training set, 15% of the data is used as the test set, and the rest of the data is used as the
prediction set to identify the types of glass products. The classification rules and identification of
ancient glass products are divided. These models cooperate closely with each other, and the re-
sults are progressive in turn, which makes the final solution true and reliable. The model is fully
connected with practice and has good generality and popularization.
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Table 1. Form 1 partial data
1 RE1NIHIE

S LU A B A
01 C far W 2% To Atk
02 A A4l TRE KA
03 A [ sk T
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05 A L Wt TR
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07 B far Wk Ktk
08 C B %® KEe
09 B i S e
FH 2 KR
Table 2. Form 2 partial data
F2 RE2BHBE
p&Y| TEM Eesr AR kB AR Ak B Akl EAS
KRS RE(SIO)  (K0) (Ca0) (MgO)  (Al,03)  (Fe;05)  (CuO) (PbO) 4 (P,0s)
01 69.33 9.99 6.32 0.87 3.93 1.74 3.87 0 1.17
02 36.28 1.05 2.34 1.18 5.73 1.86 0.26 47.43 3.57
03zl 87.05 5.19 2.01 0 4.06 0 0.78 0.25 0.66
03 &2 6171 12.37 5.87 1.11 5.5 2.16 5.09 1.41 0.7
04 65.88 9.67 7.12 1.56 6.44 2.06 2.18 0 0.79
05 61.58 10.95 7.35 1.77 75 2.62 3.27 0 0.94
06 #Ffz1  67.65 7.37 0 1.98 11.15 2.39 2.51 0.2 4.18
06 #hfr2  59.81 7.68 5.41 1.73 10.05 6.04 2.18 0.35 45
07 92.63 0 1.07 0 1.98 0.17 3.24 0 0.61
RE 3 H I HA

Table 3. Form 3 partial data
3. R IVHBE

) TR, :%Wc AR AR AUkBR AeET SdqkEy Akl EMT
ErRs] £(Si0,)  (Ca0) (ALLOg)  (Fe,03)  (CuO) (PbO) (BaO)  T(P,0s)
Al T ALk 78.45 6.08 7.23 2.15 211 0 0 1.06
A2 Rk 37.75 7.63 2.33 0 0 343 0 14.27
A3 TR 31.95 7.19 2.93 7.06 0.21 39.58 4.69 2.68
A4 ToRAAL 35.47 2.89 7.07 6.45 0.96 24.28 8.31 8.45
A5 Rk 64.29 1.64 12.75 0.81 0.94 12.23 2.16 0.19
A6 Rk 93.17 0.64 1.52 0.27 1.73 0 0 0.21
A7 Ak 90.83 1.12 5.06 0.24 1.17 0 0 0.13
A8 TR, 51.12 0.89 2.12 0.00 9.01 21.24 11.34 1.46
2.2. EXMSH
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Table 4. P values
F4PHE
PfE gifi BRI RA Hi FIH AL
Lt 0.000 0.006 0.001 0.384
BHEHRAY 0.006 0.000 0.000 0.008
Hie 0.001 0.000 0.000 0.885
eI 0.384 0.008 0.885 0.000
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Figure 1. Correlation thermal map
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Figure 2. Three-dimensional bar chart of high potassium lead and barium content
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Figure 3. Partial results of subclassification
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Figure 4. Confusion matrix and ROC curve
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Table 5. Prediction result table
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