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Abstract. Ancient glass is susceptible to weathering by environmental influences, causing changes
in its compositional proportions and thus affecting the correct judgment of its elemental categories.
In this paper, the study on the analysis and identification of ancient glass composition applies gray
correlation analysis, K-means++ cluster analysis and principal component analysis to analyze the
relationship between weathering on the surface of cultural relics and their glass types, ornamentation,
and color; the content pattern of chemical composition with and without weathering on the surface
of cultural relics is statistically analyzed by glass type, and the content of its chemical composition
before weathering is predicted based on the weathering point detection data. Will be high potassium
glass, and lead barium glass classification laws for analysis; appropriate chemical composition of
each category for subcategory division, giving the division method and division results and analysis
of its reasonableness and sensitivity. Analysis of the chemical composition of unknown categories
of artifacts, identification of the types, and the sensitivity of the results are analyzed. The correlations
between the chemical composition of glass artifacts of different categories are analyzed and the
differences in their chemical composition correlations are compared.

Keywords: Gray correlation analysis; Normal distribution; K-means++; Cluster analysis; Principal
component analysis

1. Introduction

The early glass was introduced to China through the Silk Road, and our ancient glass was made
by absorbing its technology and using our native material, quartz sand, with co-solvents. Ancient
glass is susceptible to weathering due to the burial environment and the resulting changes in internal
elements, which affects the correct determination of its category.

The color of glass has a certain relationship with its chemical composition. Some metallic oxides
or salts mixed with ancient glass during manufacture can give the glass a different color, and these
metallic oxides can have an effect on the degree of weathering of the glass in the burial site because
of the different degrees of oxidation. It can be seen that there is a correlation between the color of
glass and its chemical composition, and both of them have a certain influence on the weathering of
glass[1]. According to the available data related to ancient glass products in China, the chemical
composition of the artifact samples and other testing means will be divided into high potassium glass
and lead-barium glass. The production of ancient glass, with ore, also known as silica, as the main
raw material, and the choice of different co-solvents lead to different chemical compositions, and
among them, the use of metal substances such as copper powder, iron shavings, and Dann lead as
coloring agents, can make the glass present different colors[2].

In this paper, based on the classification information of cultural relics and the proportion of the
main components to analyze the weathering of the surface of cultural relics and its glass type,
decoration, and color relationship; through the type of glass, statistical analysis of the surface of
cultural relics with and without weathering chemical composition content pattern, according to the
weathering point detection data, the prediction of its weathering before the chemical composition
content[3]. Will be high potassium glass, and lead barium glass classification laws for analysis;
appropriate chemical composition of each category for sub-category division[4], giving the division
method and division results and analysis of its reasonableness and sensitivity[5]. Analyze the
chemical composition of artifacts of unknown categories, identify the types, and analyze the
sensitivity of the results[6].Analysis of the correlation between the chemical composition of glass

159



Highlights in Science, Engineering and Technology MMML 2022
Volume 22 (2022)

artifacts of different categories and comparison of the differences in their chemical composition
correlations[7].

2. Method

2.1. Correlation coefficient

The reference series was first selected. We selected the number of artifacts to be studied as the
reference series.

xo = {xo(K)k = 1,2, ...,n} = [x0(1), x0(2), ..., %0 (58)] (1)

where k denotes the moment[8].There are three factors influencing whether the surface is
weathered or not, so there are three comparison series

xo = {xo(k)|k =12, ....,n} = {x;(1), ;(2), .., x;(n); i = 1,2,3 (2)

According to the definition of correlation coefficient, the correlation coefficient of the comparison
series Xi to the reference series x0 at time k is

¢, _ minminebxo(8) — x ()] + pmaxsmaz beo(1) — x,(8)
T Tre(0) — %01 + pmax,maxlxo (1) — x,(0)]

(3)

where p is the discrimination coefficient, and in this paper, we let p = 0.5.

The correlation degree is the concentration of the correlation coefficients at each moment into an
average value, and likewise the concentration of information that is too scattered. Using the concept
of correlation degree, we can factorize various problems. According to the definition of correlation,
the correlation of the series xi concerning the reference series x0 is:

rn=-Yr &i(k) (a)

where n = 58

Due to the small amount of data thea on chemical composition and the large number of 0 values,
we chose the weighted average method to predict the chemical composition before weathering.
Depending on the type, to predict the chemical composition before weathering for high potassium
glass and lead-barium glass, respectively.

2.2. K-means++ Systematic Clustering Model

K-means++ clustering algorithm process: first you need to specify the number of classes K, then
randomly select K data objects as the initial cluster center, then calculate the distance of the remaining
data objects to the K initial cluster center, the data object into the nearest center of the cluster class,
then adjust the new class and recalculate the center of the new class, this process will be repeated to
see if the center converges, if convergence or reach the number of iterations then stop the cycle[9].

2.3. Principal component analysis

There is a strong correlation between variables and variables, and principal component analysis is
used to transform multiple indicators into a few principal components as a way to reduce the
dimensionality of the data, and for the subcategory classification of glass types[10].

3. Results and Discussion

3.1. Weathering

From Table 1, it can be seen that whether the surface of glass artifacts is weathered or not is more
closely related to its type.
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Table 1. Calculation results of correlation degree.

Evaluation items Relevance Ranking
Type 0.938 1
Ornamentation 0.883 2
Color 0.764 3

Using the same gray correlation analysis, the relationship coefficients for each component of high
potassium glass and lead-barium glass were solved separately as shown in Table 2 and Table 3.

Table 2. Relationship coefficient of each component of high potassium glass.

Ingredients Number of relevant contacts Ingredients Number of relevant contacts
(Si02) 0.9531 (CuO) 0.9434

(Na20) 0.8555 (PbO) 0.8828

(K20) 0.9422 (BaO) 0.8632

(Ca0) 0.9357 (P205) 0.9317

(MgO) 0.9305 (SrO) 0.8802

(Al203) 0.9637 (Sn02) 0.8644

(Fe203) 0.9242 (SO2) 0.8550

Table 3. The relationship coefficient of each component of lead barium glass
Ingredients Number of relevant contacts  Ingredients ~ Number of relevant contacts

(SiO2) 0.9697 (CuO) 0.9248
(Na20) 0.8915 (PbO) 0.9518
(K20) 0.9166 (BaO) 0.949
(Ca0) 0.9335 (P20s) 0.9089
(MgO) 0.9263 (SrO) 0.9443
(Al203) 0.9478 (Sn02) 0.8858
(Fe203) 0.9141 (SO») 0.8884

For high potassium glass, the silica content before and after weathering is on the rise, potassium
oxide and other content is on the decline, and some of the content such as iron oxide has a small
difference in change, no obvious trend; for lead-barium glass, the silica content before and after
weathering is on the decline, lead oxide, barium oxide, and other content is on the rise, and the same
part of the content as high potassium glass such as tin oxide has no obvious trend.

3.2. Glass types
Table 4. Comparison of clustering results and actual values for high potassium glass.

Artifact Number Clustering results Actual value
Weathering 791012222643 7910122227
Unweathered 1334566131420161821 1334566131420161821

Table 5. Comparison of clustering results and actual values of lead barium glass.

Artifact Number Clustering results Actual value
2881119262627 343638 28811192626 34363839
Weathering 39404148 495051 5152 54 54 404143 43 48 49 50 51 51 52 54
56 57 58
2324 2528293030313233 2324 2528293030313233
Unweathered 353742 42 44 45 46 47 49 50 353742 42 44 45 46 47 49 50
53 55 53 55
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The comparison of Table 4 and Table 5 shows that the correct rate of clustering results for high
potassium glass is 94.7%, and the correct rate of clustering results for lead-barium glass is 95.8%.

Table 6. Table of results of principal component analysis.

Eigenvector X1 X2 X3 X14
Eigenvalue 4,026102 3.436356 2.044539 ... -5.382857¢ ¢
Contribution rate 0.287578 0.245454 0.146038 ...... -3.844898e 7
Cumulative contribution rate 0.287578 0.533032 0.679071 ...... 1

Table 6 is table of results of principal component analysis. The principal components
corresponding to the eigenvalues with a cumulative contribution of more than eighty percent are
generally taken. Based on the existing types, i.e., high potassium unweathered, high potassium
weathered, lead-barium unweathered, and lead-barium weathered as one class, we selected the
appropriate chemical components for subclass classification (two-class classification) by principal
component analysis.

The results of the two-class division of chemical components were examined using K-means++
cluster analysis, and the chemical component content was clustered by SPSSPRO using high-
potassium unweathered as an example.

where category 1 and category 2 include the results of mean =standard deviation, F indicates the
test result, and the P value is the significant result. P value is the significant result. The analysis of
whether the P value is less than 0.05, if it is less, it is significant and can indicate that there is a
significant difference between the two groups so that the sample categories can be classified
according to the form of mean + standard deviation. From the above table, it can be seen that the
significance of silica is less than 0.05 and the P-value presents the lowest, so silica was selected as a
classification criterion for subclassification[11], and Figures 1-4 show the classification results of the
visual analysis. Table 7 is the cluster analysis results.

Table 7. Cluster analysis results.

Chemical composition Ca(trt]egiogy)/ ! Cezt;zgio;))/ 2 F P
(SiO2) 63.62443.558 81.06345.368  43.059 0.000***
(Naz0) 0.927+1.427 0.040.0 1.186  0.302
(K20) 10.81842.37 4.8744.718 8.897 0.014**
(SO2) 0.13640.205 0.010.0 1.226 0.294
(SnO2) 0.040.0 0.787+1.363 3.75 0.082*
(SEO) 0.04840.051 0.02340.04 0.551 0.475
(BaO) 0.579+1.001 0.657+1.137 0.013 0.912
(P205) 1.523+1.652 1.0440.354 0.238 0.636
(PbO) 0.4110.64 0.41740.52 0 0.987
(CuO) 2.819+#1565 1.353+.714  1.897 0.198
(Fe203) 2.312+1.643 0.7941.368 2.057 0.182
(Al203) 7.34942.346 4.433+1.603 3.891 0.077*
(MgO) 1.1334.672 0.91740.809 0.215 0.653
(Ca0) 6.363+2.64 2.2442.363 5.714  0.038**
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Cluster Category 1 Cluster Category 2 Cluster Category 1 Cluster Category 2

Figure 1. High potassium unweathered. Figure 2. High potassium weathering.

@

Cluster Category 1 Cluster Category 2

Cluster Category 1 Cluster Category 2

Figure 3. Unweathered lead and barium. Figure 4. Weathering of lead and barium.

From the above classification criteria, combined with the visualization graphs, the subclasses were
classified using silica, with cluster category 1 being the multi-silica category and cluster category 2
being the less-silica category. Finally, sensitivity analysis was performed for the above data, and data
perturbation was performed. The sensitivity values were set to 1%, 2%, 5%, 10%, 20%, and 30% to
observe the changes in the model results, and the final calculation results showed that the accuracy of
the model was 91.3043% when the perturbation range was 30%.

The accuracy of the model was still 100% when the perturbation value was less than 30%, which
indicated that the model had a good clustering effect. The correct rate is the same as that of the high
potassium class glass when the lead-barium class glass is weathered, both are 100%, while for the lead-
barium class glass without differentiation, the model accuracy is 91.3043% when the perturbation effect
is 30%, which also reflects the stability of the model to some extent.

3.3. Sensitivity Analysis

The sensitivity analysis and data perturbation were performed by observing the results compared
with the results before the changes were made. The values of sensitivity changes were set to 1%, 2%,
5%, 10%, 20%, and 30%, respectively, to observe the changes in the model results with the control of
other parameters unchanged, as shown in Table 8.
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Table 8. Glass artifact inference table.

Artifact Number 1% Perturbation 2% Perturbation ...... 30% Perturbation
Al 100% 100% ... 100%
A2 100% 100% ... 100%
A3 100% 100% ... 100%
Ad 100% 100% ... 100%
A5 100% 100% ... 100%
A6 100% 100% ... 100%
A7 100% 100% ... 100%
A8 100% 100% ... 100%

The final calculation results show that the perturbation range is from 1% to 30%, and the accuracy
of the result is 100%, which shows that the model has good stability and adaptability.

3.4. Variability
Table 9. Glass artifact inference table.
Evaluation items Relevance Ranking
(Al203) 0.942 1
(K20) 0.937 2
MgO) 0.915 3
(Ca0) 0.911 4
(CuO) 0.908 5
(Fe203) 0.9 6
(P20s) 0.892 7
(SEO) 0.846 8
(PbO) 0.837 9
(BaO) 0.811 10
(Sn02) 0.804 11
(SO2) 0.793 12
(Na20) 0.791 13

Table 9 is the glass artifact inference table. The degree of correlation between the content of different
chemical components and silica varies, and the greater the correlation, the stronger the correlation
between the parent sequence and the child sequence, from which the correlation between different
chemical components can be analyzed.

Table 10. Standard deviation of correlation coefficients for different species.

Category The standard deviation of the relationship coefficient
High potassium unweathered 0.0974
High potassium weathering 0.1792
Lead barium unweathered 0.0714
Lead barium weathering 0.0688

Table 10 is the standard deviation of correlation coefficients for different species. The standard
deviation of the correlation coefficient of 0.1792 for the high potassium weathering and 0.0974 for the
unweathered category are higher than that of the weathered and unweathered categories of lead-barium
glass, which leads to the conclusion that the chemical composition of lead-barium glass is more relevant
than that of high potassium glass.
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3.5. Discussion

To observe more intuitively whether the weathering change pattern, visualization plots were used
for the analysis to observe the change in the data of different types of glass. The use of gray correlation
analysis does not require a large sample size and is equally applicable in the case of samples with or
without regularity. Moreover, its calculation is small and easy to use, and there is no discrepancy
between quantitative results and qualitative analysis results.

K-means++ clustering analysis is easy to understand, ensures better scalability when dealing with
large data sets, and its algorithm complexity is low, resulting in better subclassification results.

The accuracy of the results obtained by weighted average prediction is higher.

In the subclassification process, only chemical components are used for classification, and multiple
classification problems such as color and ornamentation are not considered.

Principal component analysis cannot contain all the original data after dimensionality reduction, and
generally carries ambiguity.

4. Conclusions

In this paper, we analyze the weathering of the surface of cultural relics and its glass type,
decoration, and color relationship; through the glass type, statistical analysis of the content pattern of
the chemical composition of the surface of cultural relics with and without weathering, according to
the weathering point detection data, the prediction of its chemical composition content before
weathering. will be high potassium glass, lead barium glass classification laws for analysis;
appropriate chemical composition of each category for sub-category division, giving the division
method and division results, and analysis of its reasonableness and sensitivity. Analyze the chemical
composition of artifacts of unknown categories of annexes, identify the types, and analyze the
sensitivity of their results. Analysis of the correlation between the chemical composition of glass
artifacts of different categories and comparison of the differences in their chemical composition
correlations.
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