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Abstract: In this paper, in order to solve the problem that ancient glass would be weathered by the
environmental influence during the burial process, and its chemical elements would change
accordingly, based on Chi-square test and Spearman correlation coefficient analysis, the
relationship between the types of glass relics and chemical components was analyzed, and the
corresponding relationship was obtained.Then, the glass relics were classified and predicted by
decision tree and random forest algorithm, and the classification and prediction results were given.
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1. Introduction

Glass is a testament to the friendly exchanges between China and the West along the ancient Silk
Road.Ancient Chinese glass absorbed Western technology and was locally manufactured, similar in
appearance to imported products, but different in chemical composition.The main component of glass
is silicon dioxide.Because the choice of flux is different, the other main chemical composition of
glass is also different.The known state-owned heritage glass is divided into lead-barium glass and
potassium glass.In the long history, many precious ancient Chinese glass products were buried in the
earth or exposed to the air, and were more or less weathered. The composition analysis of these
cultural relics is conducive to the analysis of ancient Chinese glass products technology, which has a
high research value.

Aiming at the research problems of ancient glass products, this paper analyzes the classification
rules of high-potassium glass and lead-barium glass. Based on the classification problems, the
principal components are used to subclassify the glass, and the rationality and sensitivity of the
classification results are tested.

2. Glassware classification model

(1) Data preprocessing: the known data are merged, and the number, type, surface weathering and
chemical composition content of the cultural relics are put into a table.

(2) the selection of parameters and indexes before data analysis: use of the classification of
decision tree learning function of SPSSPRO software "comprehensive" table data is analyzed[ 1], the
nominal variable selection type glass, glass types are also studied at the same time, quantitative
variable selection the chemical composition, chemical composition is as the glass type
parameters.Due to the large number of chemical components in the table and the small change in the
content of some chemical components, it does not have high reference value, so we chose to abandon
the chemical components with small reference value and reduce the index.In principle of index
selection, we should select the chemical components with high content and big difference between
the two types of glass as indicators.Combined with the solution results of the research background,
silica and potassium oxide have a greater contribution to the weathering of high-potassium
glass.Barium oxide and lead oxide have a greater contribution to the weathering of PB-barium
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glass.Finally, we selected silicon dioxide, potassium oxide, lead oxide, barium oxide, four chemical
components as indicators to analyze the classification rules of glass types[2].

(3) Data analysis: Taking glass type as the research object, silica, potassium oxide, lead oxide,
barium oxide, four chemical components as indicators to analyze the classification rules of glass
types[3].

(4) Using the four chemical components as indicators, the analysis results are as follows: the
decision tree classification learning training sample 46, in which the lead oxide content lower than
5.355% 1is classified as high-potassium glass, and the lead oxide content higher than 5.355% is
classified as lead-barium glass.The structure of decision tree is shown in figure 1[4].

Al

PbO <5.15
gini = 0.364
samples = 46
value =[35, 11]

Figure 1 Decision tree structure Figure 2 The feature importance of each indicator of the model
(5) Model evaluation results: The accuracy of the test results of the test set based on decision tree
classification learning reached 100%. Only lead oxide played a role in the glass type classification
law, and the importance of the other three indicators was 0.The model evaluation results are shown
in Table 1[5].
Table 1 Model evaluation results

Accuracy Recall rate Accuracy rate Fl
Traning Set 1 1 1 1
Test Set 1 1 1 1

The characteristic importance of each indicator of the model is shown in Figure 2.

(6) Further thinking and improvement of the model:

Although the accuracy of the above results reached 100%, only one of the four indicators selected
was included in the consideration scope. In view of the small number of training samples of the model,
the results of the model may be accidental, so we analyzed the data for several times after shuffling
and recombination, and found that the results were still the same.In order to eliminate the possible
contingency and find new classification rules to make the results more accurate, the lead oxide index
was deleted and the remaining three indexes were used as parameters to analyze the classification
rules[6].

The following results were obtained by using the three indexes to analyze the classification rule:
barium oxide content more than 3.06% or barium oxide content less than 3.06% and silica content
less than 47.645% were classified as lead barium glass, and lead oxide content less than 3.06% and
silica content more than 47.645% were classified as high-potassium glass.The improved decision tree
structure is shown in figure3[7].

BaO < 3.06
gini = 0.386

samples = 46
value = [34, 12]

Figure 3 Improved decision tree structure Figure 4. The feature importance of each indicator of the
new model
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(7) Evaluation of the new model: the test result accuracy of the test set based on decision tree
classification learning reached 100%, and silica accounted for 23% of the classification weight,
barium oxide accounted for 76.8%, and potassium oxide accounted for 0%.The accuracy of the results
is reliable[8].

Table 2 Evaluation results of the new model

Accuracy Recall rate Accuracy rate F1
Traning Set 1 1 1 1
Test Set 1 1 1 1

The characteristic importance of each indicator of the model is shown in Figure 4.

(8) Analysis results of classification rules:

The content of lead oxide lower than 5.355% is classified as high potassium glass, and the content
of lead oxide higher than 5.355% is classified as lead barium glass.The content of barium oxide more
than 3.06% or barium oxide less than 3.06% and silica less than 47.645% is classified as lead-barium
glass, and the content of lead oxide less than 3.06% and silica more than 47.645% is classified as
high-potassium glass[9].

3. Solving the classification model of glass products

For high potassium, the process of solving the sub-classification of lead-barium glass is as follows:

(1) Data preprocessing: the data in the "comprehensive" table were divided into two categories:
high-potassium glass and lead-barium glass, which were respectively saved into the new table and
named as "high-potassium" and "lead-barium".

(2) Cluster index - selection of chemical composition[10]

Considerations before selection: for the same type of glass, the content of each chemical
composition is different and has differences. For example, the content of silica in high-potassium
glass is high, and the content of sodium oxide is very low, or even there is no sodium oxide.In the
process of clustering iteration, since the sodium oxide content of most high-potassium glasses is close
to 0 or even 0, the sodium oxide content in the clustering center will always be near 0, which affects
the clustering accuracy.Therefore, in the selection of clustering indicators, we will choose to discard
such chemical components as sodium oxide.

Selection of chemical components: we first cluster all chemical components as indicators, set the
cluster number to 2, and get the clustering results. Then we eliminate the chemical components that
are significantly different from the divided categories, and get the indicators for the final clustering.

The difference results of each index and classified category of high-potassium cultural relics in the
first clustering are shown in Table 3. When the P value is greater than 0.05, it can be considered that
the component is significantly different from the classified category, which will affect the clustering
accuracy.It should be omitted.Therefore, the final selection of high potassium index is silica,
potassium oxide, calcium oxide, alumina, iron oxide.
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Table 3 Difference results of various indexes and classification of high-potassium cultural
relics clustering

Cluster category (mean standard deviation)

Category 1(N = 9) Category 2(N = 9) - ’

sioz 89.663:7.119 63.62423.558 96.333 0.000**
Na20 0.0£0.0 0.92721.427 3.796 0.069"
K20 1.986£3.22 10.81822.37 43917 0.000***
Ca0 1.327+1.419 6.363+2.64 25.408 0.000***
MgO 0.437:0.593 1.13320 672 5435 0.033
AI203 2.76411.67 7.340:2,346 22.809 0.000*
Fe208 0.40820.748 2.312+1.643 10.013 0.006"
Cuo 149241136 2.819+1 565 4233 0.056*
PbO 0.139:0,333 0412064 1271 0276
BaO 0.219£0.657 0.579+1.001 0.814 0.380
P205 0.53320.451 1.52321.652 3.007 0.102
SrO 0.008+0.023 0.048+0.051 4516 0.050**
Sn02 0.26220.787 0.0£0.0 1 0332
802 0.0£0.0 0.136£0.205 3.923 0.065*

Table 4 shows the difference results of indicators and classification of the first clustering of lead-
barium cultural relics. Similar to high-potassium cultural relics, the final indicators selected for lead-
barium cultural relics are silica, sodium oxide, calcium oxide, alumina, lead oxide, phosphorus
pentoxide, and strontium oxide.

Table 4 Difference results of various indexes and classification types of lead and barium
cultural relics clustering

Cluster category (mean standard deviation)

Category 1(N = 28) Category 2(N = 21) F F
sio2 24.915:9.204 57.4929,133 151314 0.000""
Na20 0.172+0.527 1.881£2.4 13.423 0.001""
K20 0.163+0.336 0.188+0.172 0.095 0.759
ca0 2.731£1.715 1.142+0.964 14.522 0.000"*
MgO 0.602+0.671 0.70420.581 0.31 0.580
Al203 2.62+1.498 5.06413.888 9.278 0.004*
Fe203 0.68+0.87 0.624+1.065 0.04 0.842
Cu0 2.415£2.992 1.165£1.273 3.215 0.079*
PbO 43,448£10.93 19.88416.462 77.121 0.000""*
BaO 12.37749.949 7.97524.621 3526 0.067*
P205 4.9164.253 1.128+1.909 14.425 0.000"**
S0 0.442+0.269 0.223£0.2 9.803 0.003"**
8n02 0.04740.138 0.073:0.288 0.183 0.671
s02 1.269+4.063 0.17420.799 1473 0.231

(3) Results of cluster analysis
High-potassium cluster analysis results: As shown in Table 5, there were significant differences in
each index and classification category, and the clustering results were highly reliable.

Table 5 Cluster analysis results of high potassium groups

Cluster category(mean standard deviation) P p
Category 1(N=9) Category 2(N=9)
Si02 89.663+7.119 63.624+3.558 96.333 0.000***
K20 1.986+3.22 10.818+2.37 43.917 0.000%***
CaO 1.327+1.419 6.3631+2.64 25.408 0.000%**
A1203 2.7644+1.67 7.349+42.346 22.809 0.000%**
Fe203 0.40840.748 2.31241.643 10.013 0.000***
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Table 6 Cluster center coordinates

Types of Central Central value - Central value - | Central value | Central value
. value - . . . . . )
clustering silica Potassium oxide | Calcium oxide - alumina - Iron oxide
1 89.663 1.986 1.327 2.764 0.408
2 63.624 10.818 6.363 7.349 2.312

The cluster center coordinates are shown in Table 6. According to the component contents of the
cluster center coordinates, the first cluster is named as the high silica content class, and the second
cluster is defined as the low silica content class.

The corresponding cultural relics of the high potassium category after clustering are shown in
Table 7.

Table 7 Cluster center coordinates

sing | S3MPIing point of cultural relics |~ $i0; Na;0 K0 ca0 MgO | ALO; | Fe,0; | Cuo PbO BaO P,0; s10 Sn0;

)
8

ololo|o|o|e
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The first kind ‘Weathered [07 92.63
The first kind ‘Weathered [09 95.02
The first kind Weathered 96.77
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0.59 0.62 0 132 032 155
0.92 0.21 0 0.81 0.26 0.84
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The results of lead and barium cluster analysis are shown in Table 8.The clustering results showed
that there were significant differences in each index and classification category, and the clustering
results were highly reliable.

Table 8 Results of lead and barium cluster analysis

0 71 122 6.19 237 3.28 1 1.97 11 0

"
ololi]ole|o|e|o|e|o|e|o|o|e|o|e|o

=]
olo|o|t

Cluster category(mean standard deviation) F p
Category 1(N=28) Category 2(N=21)
Si02 24.951+9.024 57.49+9.133 151.314 0.000%***
Na20 0.172+0.527 1.881+2.4 13.423 0.001***
CaO 2.731+1.715 1.142+0.964 14.522 0.000%**
Al1203 2.62+1.498 5.064+3.888 9.278 0.004***
PbO 43.448+10.93 19.884+6.462 77.121 0.000%**
P205 4916+4.253 1.128+1.909 14.425 0.000%***
SrO 0.442+0.269 0.223+0.2 9.803 0.003%**
The cluster center coordinates are shown in Table 9.
Table 9 Cluster center coordinates
Central Central Central Central Central
Central Central
Types of lue - value - value - lue - value - Value - Value -
clustering vawue sodium | Calcium | oU¢ Lead Phosphorus | Strontium
silica : i alumina s . i
oxide oxide oxide pentoxide oxide
1 24915 0.172 2.731 2.620 43.448 4916 0.442
2 57.490 1.881 1.142 5.064 19.884 1.128 0.223

After clustering, the first type was named as low silicon and high lead class according to the
component content of the cluster center coordinate, and the second type was defined as high silicon
and low lead class.The corresponding species of each cultural relic of lead and barium species after
clustering are shown in Table 10. Due to space limitation, only part of the data are listed in this paper.
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Table 10 Corresponding species of cultural relics of lead and barium after clustering

Cultura
1 reblic Type Clustertype | :"'h'::“u sampling point of cultural relics |  $i0; | Na:0 | K:0 a0 | Mgo | ALO; | Fe05 | Cuo PbO BaO | P0: S0 00, 50,
number il
20 Leadbarium | The secondkind | Unweathered [20 3736 0 071 0 0 545 151 478 93 2355 575 [ [ [
[ 24 Lead barium ‘The first kind Unweathered [24 3194 o o 047 o 159 o 846 29.14 2623 0.14 091 [ o
T30 Lead barium The firstkind | Unweathered | 3080471 3434 [ 141 449 098 435 212 0 3922 | 1029 [ 035 04 0
r 31 Lead barium The second kind Unweathered [31 65.91 [ o 16 0.89 3.11 4.59 044 16.55 342 1.62 03 [ o
d 32 Lead barium The second kind Unweathered [32 69.71 o 021 046 o 236 1 011 19.76 488 0.17 o o 0
T Leadbarium | The secondkind | Unweathered [33 7551 [ 015 064 1 235 0 047 | 1616 | 355 013 [ [ 0
r 35 Lead barium The second kind Unweathered [35 65.91 [ o 038 [ 144 0.17 0.16 22.05 5.68 042 0 [ 0
d 37 Lead barium The second kind Unweathered [37 60.12 o 0.2: 0.89 o 272 o 3.01 17.24 10.34 146 031 o 3.66
T Leadbarium | The secondkind | Unweathered [45 6128 | 266 011 054 074 5 [ 053 1599 | 1096 [ 023 [ 0
r 46 Lead barium The second kind Unweathered [46 55.21 [ 0.25 0 1.67 479 [ 0.77 25.25 10.06 02 043 [ 0
d 47 Lead barium The second kind Unweathered [47 5154 4.66 029 087 061 3.06 o 065 254 923 0.1 085 o 0
[ 55 Leadbarium | The secondkind | Unweathered [55 49.01 271 [ 113 [ 145 0 086 | 3292 7.95 035 [ [ 0
) Lead barium The firstkind | Unweathered |30ZR4r. 36.93 0 0 424 051 3386 274 0 3774 | 1035 a1 048 044 0
r 63 Lead barium The second kind Unweathered |42%RA{L52 5133 5.68 035 o 116 5.66 o 272 20.12 10.88 [ o [ 0
765 Leadbarium | The secondkind | Unweathered 495/ {L 5461 0 03 208 12 65 127 045 | 2302 | 419 432 03 0 0
[ 66 Lead barium The second kind | Unweathered |50F&A4L2 45.02 0 0 3.12 054 4.16 0 0.7 3061 622 634 023 0 0
r 02 Lead barium ‘The first kind Weathered 02 36.28 [ 1.05 234 118 5.73 1.86 026 47.43 0 3.57 0.19 [ 0
[ 08 Lead barium ‘The first kind Weathered 08 20.14 o o 148 o 134 o 1041 28.68 3123 3.59 037 o 258
T Lead barium The first kind Weathered [11 33.59 0 021 351 071 269 0 493 | 2539 | 1461 938 037 [ [
T Lead barium The first kind Weathered |10 29.64 0 [ 293 059 357 133 351 4282 | 535 .83 019 [ [
P Lead barium The second kind Weathered |23 FAALA 53.79 7.92 0 05 0.71 142 0 299 16.98 11.86 0 033 0 0
T 25 Lead barium The second kind Weathered |25 ML 50.61 231 0 0.63 0 19 1.55 112 319 665 0.19 02 0 [
T 2% Lead barium The first kind Weathered 26 19.79 [ [ 144 0 07 0 1057 | 2953 225 313 045 [ 1.96
T 28 Leadbarium | The secondkind | Weathered |28 /{4 68.08 0 026 134 1 47 041 033 1714 | 404 104 012 023 0

4. Analysis of sensitivity and rationality of subclassification results

(1) The results of two cluster analyses showed that there were significant differences between the
selected indicators and the classified categories, so the classified categories were strictly classified
according to the content of chemical components of cultural relics.

(2) The data tables after subclassification were saved as "high potassium subclass Division" and
"lead and barium subclass Division", and the data in the tables were trained by decision tree.The
species after clustering were selected as the research objects, and the chemical components in the
clustering step were selected as indicators.In other words, silica, potassium oxide, calcium oxide,
alumina and iron oxide were selected as indicators for high-potassium classes.Lead barium selected
silica, sodium oxide, calcium oxide, alumina, lead oxide, phosphorus pentoxide, strontium oxide as
indicators.The decision tree classification analysis (this step is the same as the principle of analyzing
the classification law of cultural relics) was carried out to obtain the accuracy of the model. If the
accuracy is high, the model is reasonable.

The precision rate of high potassium subclass classification is shown in Table 11.

Table 11 Precision rate of high potassium subclass classification

Accuracy Recall rate Accuracy rate F1
Training set 1 1 1 1
Test set 1 1 1 1

The accuracy of lead and barium subclasses is shown in Table 12.
Table 12 Precision rate of lead and barium subclass division

Accuracy Recall rate Accuracy rate Fl
Training set 1 1 1 1
Test set 0.952 0.952 0.955 0.95

The accuracy rate of the two training results is more than 90%, which indicates that the subclasses
divided by this cluster analysis are relatively reasonable.

In the subclassification rationality analysis step, the data table after subclass division is put into
the decision tree classification learning model for training, and the trained model has a high
accuracy.Therefore, we can use this model to analyze the sensitivity.Firstly, we modify the chemical
composition of some cultural relics, and take the cultural relics with modified chemical composition
as new cultural relics, and put them into the trained model for prediction. The categories before and
after modification are compared. If the categories before and after modification are the same, the
model is stable and the classification results are stable.

High potassium cultural relics mainly modified the composition of silica, potassium oxide and
calcium oxide.Comparison of chemical composition and species of high-potassium cultural relics
before and after modification: (There is no column of cultural heritage label in the prediction result,
because the number of cultural heritage number will affect the clustering result.However, the
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unmodified chemical composition content comparison can be used to judge the one-to-one
correspondence between the two tables of cultural relics), as shown in Table 13.
Table 13 Results of high potassium cultural relics

f"iﬁ‘ffi’ Type |Cluster 3223’.2? sampling point of cultural refics | Si0; K;0 €a0 | ALO, | Fe0,
mumber type ing
" 1o Pogif?um Th;:];st Weaéhm 10 9677 | o092 021 081 026
f 12 pDTI;Ii%}i‘IJm Th;:l;?-t \Veal;here 12 9429 1.01 0.72 1.46 0
14 Pogif?um sgind Unw:;‘her 14 6247 | 1228 | 823 923 0s
16 poii?fum s{%} L_"Eﬂ;here 16 6518 | 1452 | 827 618 | 042
The prediction results of the model are shown in Table 14.
Table 14 Table of model prediction results
Prediction The ﬁrgt probablhty of The seco‘nd. probability of sio2 | k20 | cao | A1203 | Fe203
Results prediction results prediction results
The first 1 0 86.77 1 092 | 0.21 | 0.81 0.26
The first 1 0 84291 1.01 | 072 | 146 0
The second 0 1 65.47 | 12.28 | 8.23 | 9.23 0.5
The second 0 1 65.18 | 14.52 | 8.27 | 6.18 0.42

The compositions of silica, lead oxide, and barium oxide were mainly modified in lead-barium
relics.The chemical composition and species comparison of lead-barium cultural relics before and
after modification are shown in Table 15.
Table 15 Result Table of lead and barium cultural relics

Cultura Surface
1 relic Type Clgspt:r weather | Sampling peint of cultural relics Si0, K,O CaO AlLO; Fe,04
number . ‘ing
10 Poiim Th;:dm e Eaéhere 10 96.77 092 021 0.81 026
T Pogﬂm m;fdm weaéhere 12 9420 | 101 072 146 0
r : The T
14 BN | enioqy, (Miwedien oy 6247 | 1228 8.23 923 0.5
potassivm Kind ed
r The N
16 PR | conia | PReAier 6518 | 1452 827 6.18 042
potassium Kind d
The prediction results of the model are shown in Table 16.
Table 16 Model prediction results Table
Prediction The ﬁrs_t probablhty of The seco.nd. probability si02 | Na20 | cao | AO3 | PO | P205 | sro
Results Y prediction results of prediction results
The second 0 1 55.61 2.31 0.63 1.9 279 0.19 0.2
The first 1 0 24.79 0 1.44 0.7 27.03 | 3.13 | 0.45
The second 0 1 60.91 0 0.38 144 | 26.05| 042 0
The second 0 1 55.12 0 0.89 272 12024 | 146 | 0.31
The second 0 1 50.21 0 0 479 | 28.25 0.2 | 043

After two comparisons, the subclasses of the same cultural relics remained unchanged before and
after modifying the chemical composition content, indicating the stability of the model.

5. Conclusion

In order to solve the problem that ancient glass would be weathered by environmental influence
during burial and its chemical elements would change accordingly, this paper analyzed the
relationship between the types of glass relics and their chemical components based on chi-square test
and Spearman correlation coefficient analysis, and obtained the corresponding relationship.Then,
decision tree and random forest algorithm are used to classify and predict the glass relics, and the
classification and prediction results are given.
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