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Abstract

After the preliminary analysis, the Fisher discriminant analysis in SPSS was used to conduct two
Fisher discriminant analyses on the whole sample data of Attachment 1, and the main variables in
the chemical composition that had a significant impact on the classification and the classification
rules of high-potassium glass and lead-barium glass were obtained. After analysis, it is found that
the unweathered sampling points of weathered cultural relics have similar properties to those of
unweathered cultural relics, so they are regarded as undifferentiated group samples and then used
excel for statistical analysis. Firstly, SPSS was used to draw scatter plots of chemical compositions
of high-potassium glass and lead-barium glass respectively. If it is judged that there is a linear rela-
tionship, then Pearson correlation coefficient was used to analyze the chemical composition corre-
lation of different types of glass relics. Considering the influence of weathering, high-potassium
glass and lead-barium glass are divided into four categories: weathered high-potassium, unwea-
thered high-potassium, weathered lead-barium and unweathered lead-barium for analysis. RUS-
Boost algorithm and decision tree model were respectively used for the type identification analysis
of unknown cultural relics. ROC curve was used to compare the results of the two methods to obtain
a model with better type identification results, and grid search method was used to analyze the
sensitivity of the model. This paper has certain application value to explore the classification rules
of high potassium, lead barium glass and the classification of glass relics.
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Table 1. Coefficients of full-component standardized canonical discriminant functions

= 1. SRS TOELEREFIR R R

ZEAEE 0.753
AL 0.440
ERiRa -0.595
LS 0.095
AL 0.164
ERia S 0.516
EREA7S 0.033
AL -0.320
=R 1.341
A 1.296
A B 0.255
E=R A& -0.131
A —0.008
AR -0.202
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FEE L EAS RN G B St AR R Y 13 ADNAR R, AT BLEAIE 20 #T ( ZR 80 R AL B A SR AL X
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Table 2. Normalized canonical discriminant function coefficients of some components
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HAGH BV et e
AL H(PO) 0.196 0.002
ALP(BaO) 0.228 0.008

G -5.098 -0.695
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Figure 1. Changes in the mean proportion of 13 components of high potas-
sium glass before and after weathering
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Figure 2. Comparison of the mean proportion of high potas-
sium glass silica before and after weathering
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Figure 3. Comparison of mean ratios of 14 components of lead-barium glass before
and after weathering
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Figure 4. Dot plot of chemical dispersion of high potassium glass
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Figure 5. Dot plot of chemical dispersion of lead-barium glass
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Table 3. Relationship between weathering high potassium chemical components

=3 RS UERS 2B XFR

ARG FHICHE R AL B2 LIPS FITE REL W
AN S AR 1 0 AR S AL —0.897 0.015
A 5 R 0.958 0.003 A S E AL -1 0
AN S SR 1 0 —EARE S E AL —0.869 0.025
AL S S 1 0 A S E AL -1 0

AR T -1 0

Table 4. Relationship between chemical components of unweathered high potassium

F 4. ARUSHUFRST ZERXHR

EARSE FAICTE REL W LIPS PR EE Y W
ERIR ISR AR 1 0 TEARE S AL -0.612 0.046
BN S S 1 0 TS AR —0.813 0.004
=R AR R 0.865 0.003 EaRAR T e -1 0
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A AR 1 0.016 A S A B -0.819 0.007
A S AL 0.681 0.044 AN S E L -0.995 0.005
A AL 0.67 0.048
AR S T A 0.623 0.041
A S AL 0.738 0.023
AL 5 E 0.984 0.002
AT S 0.912 0.031
Table 5. Relationship between weathering lead barium chemical compositions
F 5. RULERYIULE RS < BHX &

MBS PR EE Y B UibEPS PR EE Y0 B2
TS EAER 0.612 0.001 MRS E AL -0.603 0.004
AR SRS 1 0 AR S AL —0.600 0.004

S 58 0.626 0.029 AR S AR -0.999 0.001
A 55k 0.538 0.047 a5 e -1 0
A5 AL 0.853 0 A5 A EE -1 0
LSS S AR 0.992 0.008 AT S E S -1 0
FABES RN 1 0 SRS A —0.405 0.05
ARSI 1 0 Ak 5 &S -1 0
A AL 0.534 0.049 AL 58 —0.654 0.001
AL 5 AL 0.692 0.001 A5 AR -0.995 0.005
A S A 0.475 0.03 ALY S E L -0.474 0.03
AT 5% -1 0
FAIS A -1 0
FAEN B S E LS -1 0
ARSI -1 0
Table 6. Relationship between chemical compositions of unweathered lead and barium
F 6. RRUEBRMUFER D ZBRIXFR
MBS PR EE Y B2 UibEPS FHICHE R EL B2
FA B A 0.833 0.003 ZEAGEE S A -0.765 0.001
A S E 0.769 0.009 TEARE S E AL —0.471 0.036
NIRRT R R 0.833 0.001 TEAEE S E AL -0.737 0
AL S L Bk 0.888 0.008 ZEAE S EAL -0.613 0.002
AL S E AR 0.679 0.008 A S E -0.706 0
AL S E LAY 0.604 0.017
ERARRTE = 0.818 0.004
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Figure 6. The number of types of chemical composition correlation of unwea-
thered glass
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Figure 7. Number of types of correlations between weathering glass chemical
compositions
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Figure 9. Decision tree confusion matrix
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Figure 10. RUS compared with BoostingAUC
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Figure 12. RUSBoost thermal map
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Figure 13. Decision tree thermal map
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Table 8. Type prediction scores
8. KBTS

it B e TI (I 2 1) TGRS )5)
0.3406 0.6594 g kel
1 0 B BV
1 0 AN il
RUS 1 0 YA Hrn
0.826 0.1737 AN il
0.2915 0.7085 g ke
0.2915 0.7085 [z e
1 0 B BN
0.3571 0.6429 AN [k
1 0 B BV
1 0 YA Hr
S 1 0 HYEN Hrn
1 0 AN il
0 1 HEN ke
0 1 A e
1 0 B BN
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