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Abstract. When making glass products, adding fluxes with different chemical compositions can form
different glass types. Affected by the burial environment, the composition proportion of ancient glass
products will change over time, thus affecting the correct judgment of their types. Based on decision
tree, traversal K-prototype algorithm, grey correlation analysis and other methods, this paper studies
and analyzes the classification and identification related to glass weathering and the statistics of
chemical composition laws, the relationship between the surface weathering of glass relics and the
glass type, decoration and color is analyzed. In this paper, after data pretreatment, the surface
weathering and the other three indicators are preliminarily observed through contingency analysis,
and then the correlation between the variables is further clarified by using the chi-square test. It is
found that the surface weathering is significantly related to the overall glass type, and lead barium
glass is more prone to surface weathering than high potassium glass; There is no obvious correlation
between surface weathering and decoration and color. Then, according to the glass types, the glass
relics are divided into four glass types: lead-barium weathering/non-weathering, high-potassium
weathering/non-weathering, and the statistical analysis is established after the pretreatment of the
chemical composition of these four types. Then, combined with the independence t-test, we can
further obtain the specific element differences, and give a ranking table of the degree of influence.
Finally, based on the above statistical exploration, the model of chemical composition law of glass
relics before weathering is built according to the mechanism analysis of the four composition laws of
high-potassium glass Si and its chemical composition that significantly affects the weathering, the
chemical composition that significantly affects the weathering of lead-barium glass, and the chemical
composition that has no effect on the weathering of glass. According to the test data of weathering
point, the prediction table of chemical composition content before weathering is given. The interval
test of the model results shows that the failure rate of high potassium prediction is high. The revised
model of chemical composition law of glass relics before weathering is obtained by analyzing and
considering the modification of the value rule of high potassium Si.

Keywords: Classification of glass weathering, statistical mechanism, decision tree.

1. Introduction

In the manufacturing process of glass products, because of its high melting point, it is necessary to
add flux to reduce the melting temperature. The addition of different fluxes will form glass types with
different chemical compositions. Due to the influence of the burial environment, the internal elements
of ancient glassware will exchange with the environmental elements, resulting in the change of its
composition proportion, thus affecting the correct judgment of its type. Therefore, for ancient glass
products, this paper studies the type identification related to weathering and the laws of corresponding
chemical composition.

2. Establishment and solution of the model

Statistical analysis of chemical properties. Based on the methods of independence test and
mechanism analysis, this paper excavates the relationship and statistical laws, and establishes the
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model of chemical composition law of glass relics to reduce the chemical composition content before
weathering. Finally, the model is properly tested and possibly optimized.

2.1. Relationship between weathering and glass type, decoration and color

In the analysis of the relationship between the surface weathering of glass relics and its glass type,
decoration and color, after data pretreatment, this paper first makes preliminary observation of the
surface weathering and the other three indicators through contingency analysis, and then uses the chi-
square test to further clarify the correlation between the variables, as shown in Table 1.

Table 1. Missing value data

number Ornamentation type colour Surface weathering
19 A Lead barium Weathered
40 C Lead barium Weathered
48 A Lead barium Weathered
58 C Lead barium Weathered

It can be seen from the analysis of the above missing data that the data with color gaps are all lead-
barium glass with weathered surface, and the decoration type is A or C, showing obvious non-random
loss characteristics. At the same time, the statistics of the proportion of missing data show that the
proportion of missing data in lead-barium is 4/40=10.0%, and the proportion of all data is 4/58 =~ 6.90%,
which accounts for a large proportion. The missing data cannot be simply deleted, this paper
temporarily ignores the processing of missing data, and then carries out specific processing when
missing values are used in subsequent analysis as shown in Fig 1.
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Figure 1. Preliminary exploration of surface weathering trend

Through preliminary observation in Fig 1, Considering the type of glass, lead-barium glass is more
prone to surface weathering, and high-potassium glass is less prone to surface weathering, Surface B
is completely weathered, while the proportion of weathered and unweathered surface A and C is
slightly different, the surface of black, white and blank items is completely weathered, and the green
surface is not weathered. The other color surfaces are slightly weathered.

"

Easy to weather ¢

2.2. Correlation analysis of surface weathering based on chi-square test

Because the classification information of glass relics analyzed this time is discrete data, this paper
uses the chi-square test method to analyze the correlation between discrete variables, as shown in Table
2.

Table 2. Marginal frequency contingency table

hyperkalemia Lead barium total scale
Weathered 6 28 34 17.65%
No weathering 12 12 24 50.00%
total 18 40 58 31.03%

List the corresponding table of theoretical values:
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Table 3. Corresponding Table of Theoretical Values

hyperkalemia Lead barium total
Weathered 11 23 34
No weathering 7 17 24
total 18 40 58

Square the difference between the actual value and the theoretical value:

— 2 - 2 —_7)2 _ 2
XZ — (6—-11) + (28—-23) + (12-7) + (12-17) — 8402 (1)
11 23 7 17

In this study, the degree of freedom d f=1, a= 0.05, the confidence interval is 95%.
Because of y? = 8.402 > ng%(l) = 3.841, it falls into the reject domain and rejects the original

assumption of HO. It is concluded that there is a correlation between surface weathering and glass type.
Next, further analysis of the specific correlation and statistical analysis of the data show that lead
barium glass is more prone to surface weathering, and high potassium glass is less prone to surface
weathering.

3. Statistical law of weathering chemical composition content based on
independent t test

Based on the types of glass, this paper divides the glass relics into four types: lead-barium
weathering, lead-barium weathering, high-potassium weathering and high-potassium weathering, and
carries out statistical analysis on the chemical composition of these four types. First, the data is
preprocessed to facilitate the subsequent regular statistics.

3.1. Normalization

The purpose of normalization here is to unify the total chemical composition of each glass relic data
to 100%. The data with chemical composition less than 100% will be expanded or reduced at the same
time according to the original chemical content proportion of each component, so that its total
proportion will approach 100% as far as possible.

According to the analysis of this paper, it is found that in the lead-barium weathering glass data,
there are several groups of data that detect the chemical composition content of the weathering part,
so the measurement data of the weathering part is put into the lead-barium weathering data group for
statistical analysis.

3.2. High potassium without weathering

First of all, this paper makes descriptive statistics on the chemical components of 12 groups of high-
potassium non-weathering cultural relics as shown in Table 4:

Table 4. Statistics of chemical composition of high-potassium non-weathering cultural relics

Variable Maximum minimum average star}dqrd median vV
name value value deviation
Si0, 87.05 59.01 67.984 8.755 65.530 0.129
Na,0 3.38 0 0.695 1.287 0 1.852
SO, 0.47 0 0.102 0.186 0 1.825
According to coefficient of variation:
C.V=(SD+MN)x100% (2)

Where, SD is the standard deviation of the sample, and MN is the average value of the sample.
For the chemical composition of high-potassium non-weathering cultural relics, only the coefficient
of variation (CV) value of Si is 0.129<0.15. It can be judged that there is a small probability of
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abnormal value in the current data, and the average value can be used for descriptive analysis, while
the coefficient of variation of other chemical components is greater than 0.15, which requires further
analysis.

The same method is used to carry out descriptive statistics on the high potassium weathering type,
and the same conclusion is obtained. Only Si can be described and analyzed with the average value,
and the other chemical components need further analysis as shown in Fig 2.
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Figure 2. High potassium glass analysis visualization

For high-potassium glass, the proportion of non-weathering is 61.11%, and the proportion of
weathering is 38.89%. For high-potassium weathered glass and high-potassium non-weathering glass,
the average value can be used to describe the Si. After comparison, the proportion of Si in high-
potassium glass after weathering will increase significantly, with an increase of 25.979%.

In order to further analyze the differences of various chemical components under the conditions of
high potassium weathering and high potassium non-weathering, we set a categorical variable to
determine whether it is weathered. The non-weathering number is 0, the weathering number is 1, and
the independence t test is performed with the quantitative field (the proportion of all chemical
components). Due to the large proportion of Si content and the small proportion of other components,
observation together will lead to distortion of other components, which is difficult to analyze.
Therefore, it is tested separately and the results are as follows Table 5:

Table 5. Single t test of high potassium glass Si

Variable Weather sample average standard P Average  Cohen's
name or not size value deviation difference  d value
1 6 93.963 1.734 oxex
si0, 0 19 67.984 8.415 7.656 0.000 26.935 3.736
total 18 75.109 14.478

Note: * * * represents the significance level of 1%

The average value of high potassium weathering and non-weathering on Si is 93.963/67.984
respectively; The P value of F test result is 0.000 * *, so the statistical results are significant, indicating
that there is a significant difference between weathering and non-weathering of high-potassium glass
on silicon dioxide (Si). The range of difference Cohen's d value is 3.736>0.800, which is very large.

The mean value results of the independent sample t-test for the remaining components are shown
in Fig 3. By comparing the mean values, can explore their differences.
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Figure 3. Comparison of t-test mean values of chemical composition for weathering of high-
potassium glass

According to the mean value of the detailed table and the mean value of the F test results, this paper
obtains that the chemical components that have differences between high-potassium weathering and
high-potassium non-weathering are: potassium oxide (O), calcium oxide (CaO), magnesium oxide
(MgO), aluminum oxide ( ), and iron oxide ( ); The chemical components that do not differ include
sodium oxide (), copper oxide (CuQ), lead oxide (PbO), barium oxide (BaO), phosphorus pentoxide
(), strontium oxide (SrO), tin oxide (Sn), and sulfur dioxide (S). The influence degree of different
chemical components is ranked as shown in Table 6.

Table 6. Ranking of influence degree of different chemical composition of high potassium glass

order chemical composition Impact degree (difference range)
1 silica 3.736
2 K,0O 2.621
3 MgO 1.552
4 Al,04 1.528
5 CaO 1.261
6 Fe,0, 1.155

3.3. Weathering Analysis of Lead Barium Glass

Descriptive statistics are made for the weathered and non-weathered parts of lead and barium.
According to the coefficient of variation, it is found that all chemical components have abnormal
values, and the average value cannot be used for descriptive analysis, so it is necessary to use
independent t-test for further analysis.

The independence t-test of lead-barium glass was carried out in the same way as that of high-
potassium glass, and the results are shown in Table 7:

Table 7. Single t test of lead barium glass Si

Variable Weather  sample  average standard P Average Cohen's d
name or not size value deviation difference value
1 24 26.642 9.038 i ek
si0, 0 23 54 660 11.829 9.149 0.000 28.018 2.670
total 47 40.353 17.555

Note: * * * represents the significance level of 1%
The average value of lead and barium weathering and non-weathering on silicon dioxide (Si) is
26.642/54.660 respectively; The P value of F test result is 0.000 * *, so the statistical results are
significant, indicating that there is a significant difference between weathering and non-weathering of
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lead barium glass on silicon dioxide (Si). The range of difference Cohen's d value is 2.67>0.8, and the
range of difference is very large.

The mean value of the independent sample t-test of the other components is as follows. By
comparing the mean value, the difference relationship can be mined.

Based on the mean value in the detailed table and the mean value of the F-test results, we obtain
that, the chemical components that differ between lead and barium weathering and non weathering are:
sodium oxide , calcium oxide (CaO), lead oxide (PbO), phosphorus pentoxide, and silicon dioxide (Si);
The chemical components that do not differ include potassium oxide (O), magnesium oxide (MgO),
aluminum oxide, iron oxide , copper oxide (CuO), barium oxide (BaO), strontium oxide (SrO), tin
oxide (Sn), and sulfur dioxide (S).

The ranking of the degree of influence of different chemical components is shown in Table 8:

Table 8. Ranking of influence degrees of different chemical compositions in lead barium glass

order chemical composition Impact degree
1 silica 2.670
2 Lead oxide 2.131
3 Phosphorus pentoxide 1.219
4 calcium oxide 0.879
5 Sodium oxide 0.848

4. Model solving

Due to the interval form of the chemical composition rule, this article uses the average value of the
upper and lower limits of the interval as the representative of the interval, and the (unweathered
representative - weathered representative)/weathered representative is the adjusted ratio, as shown in
Table 9.

Table 9. Floating adjustment of indicators affecting weathering (%)

(K;0) (MgO) (Al;03) (Ca0) (Fe,05)
High potassium glass +9.298 +5.333 +2.109 +1.586 +19.609
(Si02) (PbO) (P205) (Ca0) (Na20)

Lead barium glass +0.223 +3.790 -0.364 -0.327 -0.667

Note: +indicates that the chemical composition needs to be increased from weathering to non
weathering, and - indicates that it needs to be decreased

"Then, the indicators that affect weathering may vary greatly or slightly. In order to ensure that the
cumulative sum of component proportions is between 85% and 105%, it is necessary to adjust the non
impact indicators to a certain extent. It is advisable to redistribute the remaining proportions according
to the four types of proportion rules.".

Solution of reducing the proportion of non weathered components from the proportion of weathered
components

Float adjustment of indicators affecting weathering, the average value of the upper and lower limits
of the interval is used as the representative of the interval, and the adjusted ratio is (unweathered
representative - weathered representative)/weathered representative, Calculate the weathering value of
important chemical components: (100%-+rising or falling ratio) weathering value, Adjust the
proportion of non impact indicators, difference between the total proportion of previously weathered
components and the total proportion of important components at this time, distribute the difference
values proportionally to obtain the results. So far, this article has obtained the coincidence interval of
each component element under four classifications.
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Table 10. Conformance intervals for each constituent element under four classifications

High potassium High potassium Lead barium Lead and barium

weathering fresh weathering unweathered

Sio, 93.96 67.03 (11.43, 41.85) (36.00, 73.20)
K,0 (0, 1.29) (2.70, 15.96) (1.41,0) (1.41,0)
Na,0 (0, 3.38) (0, 3.38) 0, 1.19) (0, 5.70)
Cao (0.05,1.70) (0.11, 10.56) (0, 5.50) (0, 3.50)
MgO (0,0.71) (0, 2.22) (0, 2.73) (0, 2.73)
Al,04 (0.30, 3.56) (2.40, 10.83) (0, 14.43) (0, 14.43)
Fe,0; (0.15, 0.38) (0,4.74) (0, 4.59) (0, 4.59)
CuO (0, 5.09) (0, 5.09) (10.57, 0) (10.57, 0)

PbO (0, 1.62) (0, 1.62) (23.39, 64.60) (8.12, 35.87)
BaO (0, 2.68) (0, 2.68) (0, 26.23) (0, 26.23)
P, 05 (0, 4.5) (4.5,0) (0, 12.49) (0, 4.16)
Sro (0.12,0) (0.12,0) (0,1.12) (0, 1.12)
Sno, (0, 2.36) (0, 2.36) (0, 1.31) (0, 1.31)
SO, (0,0.47) (0,0.47) (0, 3.66) (0, 3.66)

5. Prediction Results

Due to the large size of the results table, this article only temporarily presents the prediction results
of sampling point 22 (high potassium glass) and sampling point 38 (lead barium glass), as shown in
Table 11.

Table 11. Prediction of chemical composition before weathering (partial)

Cultural relics sampling point 22 (High potassium) 38 (Lead barium)
Sio, 71.362 33.003
Na,0 3.599 1.375
K,0 0.809 0.257
CaO 1.686 0.675
MgO 0.674 0.498
Al, 04 3.574 2.631
Fe,04 0.419 0.837
CuO 5.419 1.927
PbO 1.725 51.179
BaO 2.853 4.782
P,05 4.791 0.478
SrO 0.128 0.022
Sno, 2.513 0.239
SO, 0.500 0.667

6. Prediction result test

Using the weathering free composition rule of high potassium glass and lead barium glass, judge
the predicted value, obtain the chemical composition range of weathering free glass from the regular
model (Formula 4), and program to determine whether the predicted result is within the regular range.
The judgment results are as follows Fig 4:
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I Prediction failure
[ ]Prediction success

31%

27% 739
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Figure 4. Predicted Percentage, Lead Barium (Left), High Potassium (Right)

It can be seen from the results that the prediction of lead and barium in this article is relatively
successful and reliable, but the prediction of high potassium is unreliable. Next, this article analyzes
the reasons for the failure of the prediction of high potassium.

7. Model revision

In order to explore the reasons for the failure of high potassium prediction, this article compares the
successfully predicted lead barium model with the high potassium model, and finds that the only
difference between the two models in value selection is the value rule for Si. According to the results
of the independence test, this article selects the average value of Si as the value taking rule for Si in
the high potassium model, but selects the confidence interval as the value taking rule in the lead barium
model to obtain correct prediction results. Based on this, this article makes the following revisions to
the model:

The value of Si in the high potassium prediction model is modified to be determined by the
confidence interval, and the revised model is:

"7 l(Ra;,Rby),v; =1
c {[,ul— 1.690;, uy +1.690,],v;, =0 @)
P [y — 1.690,, uy + 1.690,],v; = 1

Rb; € [min;, max;] (5)

8. Conclusion

In this paper, a subcategory division model is applied, which can be reasonably analyzed based on
various attribute data of the target object, and divided into different types to facilitate the study of
statistical or evolutionary laws. It can be applied to the study of various unknown unearthed cultural
relics; Similarly, in question 1, this article mainly uses a prediction model for pre weathering data of
weathered cultural relics. This idea of restoring their pre change attributes based on known laws can
be used to study various restoration and speculation issues, such as inferring the original composition
of damaged items.
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