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Abstract. The aim of this study is to gain a deeper understanding of the compositional characteristics
of ancient glass artefacts and their relationship with the degree of weathering as well as the rules for
subclassification of ancient glass based on compositional variations. Through detailed compositional
analyses of high-potassium glass and lead-barium glass, the study reveals their significant
differences in terms of SiO; content, etc., and successfully divides them into subclasses by K-means
clustering method, and the clustering results are verified by chi-square test, which shows its
effectiveness in distinguishing the degree of weathering. The study not only provides a scientific
basis for the classification of cultural relics, but also provides a methodology and preliminary
conclusions for further excavation of information on ancient glass relics. This study is of practical
significance for the conservation of cultural relics and in-depth understanding of ancient glass
craftsmanship.
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1. Introduction

Under the influence of the Silk Road [, China's ancient craftsmen drew on the glassmaking
techniques of South Asia and Egypt to create glass products that were similar in appearance to foreign
products but unique in chemical composition. The main raw material, quartz sand, contains silicon
dioxide (SiOz2). In order to lower the melting point, they used fluxes such as grass ash, natural soda
ash, saltpeter and lead ore, while adding limestone as a stabiliser, which was converted to calcium
oxide (CaO) after calcination. Different fluxes lead to different chemical compositions of the glass
231 For example, lead-barium glass, which uses lead ore as a flux and contains high levels of lead
oxide (PbO) and barium oxide (BaO), is considered to be representative of China's indigenous glass,
and was especially prevalent in the Chu culture [, Potassium glass, on the other hand, uses grass ash
as a flux and is mainly found in Lingnan, Southeast Asia and India. The development of this process
demonstrates that the ancient craftsmen of China created geographically unique glass products by
using different fluxes according to local conditions. Therefore, the study of the chemical composition
and identification and classification of glass products is of great practical significance for the
protection of ancient glass artefacts.

Currently, scholars mainly use physical and chemical methods to identify the composition of
ancient glass and study its evolution in depth®™®l, and only a few studies use statistical methods [*1,
Based on this, this paper uses data related to ancient glass compositions, performs chi-square tests
and correlation analyses, explores the relationship between surface weathering and its glass type,
ornamentation and colour, and divides the subclasses according to the glass compositions by applying
K-means clustering analysis. Through these studies, we aim to gain an in-depth understanding of the
mechanism of glass weathering, provide a scientific basis for the conservation and restoration of
ancient glass artefacts, and further expand our knowledge of ancient glass objects (data accessed at
http://www.mcm.edu.cn).
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2. Surface weathering of glass artefacts in relation to their glass type,
decoration and colour

2.1. Pearson chi-square test

Pearson's chi-square test is widely used in the test of independence of categorical variables, which
is a method of using the degree of deviation of the actual value of the sample data from the expected
value to determine whether the original hypothesis is accepted. The degree of surface weathering,
glass type, grain and colour in the data of this paper are all fixed class variables, and the sample size
is greater than 40, so it is suitable for the chi-square test in the analysis of variance.

The Pearson chi-square test formula is:
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Where, O; is the actual frequency, E; is the expected frequency, x? is the chi-square value,
x?(0) is the theoretical value, P(x? > x?(0)) is the probability density function of chi-square
distribution.

In the chi-square test, the larger the chi-square value, the larger the difference between the actual
value and the expected value, i.e., the stronger the correlation between the two variables; the smaller
the p-value, the more significant the test result, i.e., the stronger the correlation between the two
variables.

This paper establishes the hypothesis:

H,: There is no correlation between the indicators studied and the degree of weathering of the
sample (original hypothesis)

H,: There is a correlation between the studied indicators and the degree of weathering of the
samples (alternative hypothesis).

The data were subjected to Pearson chi-square test using spss and the results show that for the
given level of significance a = 0.05, colour and grain do not have a significant effect on the degree
of weathering of the glass at the level of significance (p=0.056), which is in line with intuitive
perceptions. However, the test result of glass type and degree of weathering showed a significant
difference (p=0.020), rejecting the original hypothesis and supporting the alternative hypothesis that
there is a correlation between glass type and weathering of glass. This suggests that the type of glass
artefacts may be a key factor influencing the weathering of their surfaces, whereas colour and
decoration may have a lesser influence on the degree of weathering.

2.2. List analysis

In order to deeply study the correlation between the surface weathering of ancient glass artifacts
and their ornament types and colours, this study conducted a columnar analysis based on SPSS, and
the results, as shown in Fig.1, show that when comparing the cases of no weathering and weathering,
the correlation between the surface weathering and the ornament types and colours is weaker, with a
smaller difference in the frequency counts, and therefore, it can be concluded that the correlation of
the effect of these two on the surface weathering is less significant. However, in the same two cases,
different glass types present significant differences. The relatively high percentage of lead-barium
glass in surface weathering and the relatively low percentage of high-potassium glass suggest a
correlation between surface weathering and glass type.
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Fig. 1 Cross-plot of glass type, grain and colour versus degree of weathering

2.3. Statistical patterns of chemical composition of various types of glass before and after
weathering

2.3.1 Descriptive statistics

In order to ensure the accuracy of the data, this paper processed all the data, converted the data
into its proportion of the cumulative sum of all the components at the detection site, and calculated
the mean, standard deviation, kurtosis, skewness, and coefficient of variation for the descriptive
statistics of the four types of glass, from which we can speculate the changes of the proportions of
the various chemical compositions in the glass before weathering and after weathering. The detailed
statistical analyses contribute to a more comprehensive understanding of the dynamics of the
chemical compositions of different types of glass during the weathering process, and provide in-depth
insights into the weathering mechanisms of ancient glass.

Below are some of the descriptive statistics involved in the calculations:

(1) Kurtosis

Used to measure the steepness of the sample probability distribution, usually used to identify
outliers (extreme values) in a given data set, the formula for kurtosis is shown in equation (3), this
statistic needs to be compared with the normal distribution, kurtosis of O indicates that the overall
data distribution is the same degree of steepness as that of normal distribution; kurtosis is greater than
0 indicates that the overall data distribution is steeper than that of the normal distribution, for the
sharp peak; kurtosis is less than 0 indicates that Kurtosis is less than 0, which means that the overall
data distribution is flatter than the normal distribution, with a flat peak. The greater the absolute value
of kurtosis, the greater the difference between the steepness of the distribution pattern and the normal

distribution.
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Where p isthe mean and o is the standard deviation.

(2) Skewness

Used to measure the asymmetry of the sample probability distribution, the same need to compare
with the normal distribution, the formula shown in equation (4). Skewness of 0 indicates that its data
distribution pattern has the same degree of skewness as the normal distribution; skewness greater than
0 indicates that its data distribution pattern is positively skewed or right-skewed compared to the
normal distribution, i.e., there is a long tail dragging on the right, and the right end of the data has
more extreme values; skewness less than 0 indicates that its data distribution pattern is negatively
skewed or left-skewed compared to the normal distribution, i.e., there is a long tail dragging on the

84



Highlights in Science, Engineering and Technology MMML 2024
Volume 98 (2024)

left, and the left end of the data has more extreme values. The larger the absolute value of skewness,
the more skewed the distribution is.
1 Xi— 3
s=23n, ()] @

n o

Where p is the mean and o is the standard deviation.

(3) Coefficient of variation

The coefficient of variation (CV) is the ratio of the standard deviation of the original data to the
mean of the original data.The CV has no scale, which allows for objective comparisons of the degree
of dispersion of different sets of data. The coefficient of variation eliminates the effect of differences
in units and/or means on comparisons of the degree of variability of two or more sources.

CV =2x100% (5)
pn

Where p isthe mean and o is the standard deviation.

Through the statistical analysis of the chemical composition contents of weathered high-potassium
glass, non-weathered high-potassium glass, weathered lead-barium glass and non-weathered lead-
barium glass, the following summaries can be drawn: in high-potassium glass, the content of SiOz is
relatively high, but it shows a significant difference with a large coefficient of variation during the
weathering process, which may reflect the inhomogeneous distribution of the minerals during the
weathering process.The Na2O and K20 are relatively low, but K20 shows significant differences in
the weathering process.PbO and BaO are high in high potassium glasses, especially PbO has a large
coefficient of variation, which may be related to its special formulation and weathering process. In
lead-barium glasses, the contents of Al20s, Fe203 and CuO are relatively high, especially the
coefficient of variation of CuO is larger, which may reflect the significant differences between
different samples.

In the case of unweathered lead-barium glass, for example, there are four sets of peaks less than 0,
indicating that the distribution is flatter at the top or coarser in the tails compared to the normal
distribution, and there are 10 sets of data with peaks greater than 0, indicating that the distribution is
sharper at the top or finer in the tails compared to the normal distribution; the skewnesses of
Sio,,Al,05 and P,0s are close to 0, indicating that the distributions of the data in these sets are
almost symmetrical, and the skewness of the rest of the data is greater than 0, indicating that the data
fall to the right of the mean on the side of the skewness.

2.3.2 Box diagram

In order to pursue a more intuitive display, the use of matlab on the data grouped in a box-and-line
diagram plotted in Fig.2, through the box-and-line diagram can be intuitively seen in the data
distribution of the scattering range, the centre position and the data in the anomalies (outliers), to
understand the state of the data distribution. In order to make the results more intuitive, in the process
of drawing, the mean and standard deviation were selected, the results are more clear, and the
comparison effect is more obvious; at the same time, taking into account that the weathering of
cultural relics is a process of thousands of years, in which the weathering changes are very small, and
the content before and after the weathering is less than 0.5% is counted as an impurity before and
after the next step in the precise analysis, therefore, we take into account that only the chemical
composition is less than 0.5% to be Therefore, we consider that only chemical compositions below
0.5% have a reference value, and some of the chemical compositions with very small proportions are
not analysed in the box plots.
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Fig. 2 Two types of glass box line diagram

As can be seen from Fig.2, for lead-barium glass, the percentage of weathering is significantly
reduced, and the percentage is significantly higher, except for the other components in which the
percentage is reduced more significantly, and the percentage is increased more significantly, and
Na20,K20,Fe203,Sn02 and SOz and SO are all decreased.

For high potassium glass, in the weathering process, the same is reduced significantly, the
difference between the lead-barium glass is the reduction of the magnitude of the second, Na20. CaO.
MgO. Al203. Fe203 components accounted for more or less have decreased.

From this, it can be presumed that SiO2, Na20O, K20, Fe203 will be lost in the weathering process.

3. Classification of ancient glass subclasses

3.1. Selection and construction of clustering models

If the subclass division is performed manually, there will be a large deviation due to the subjective
difference of each person, and 14 different components If the interval is divided manually, it will be
time-consuming and labour-intensive, and the final result will be less than ideal due to the subjective
reasons of each person. K-means clustering as a kind of unsupervised clustering, with supervised
clustering random forests can be more effective in classifying the categories [*11. Therefore, this paper
adopts K-means clustering analysis, through the input of hyperparameters k kinds of cluster classes

for the division of subclasses.
d(Bp,|3q):2/Z:(in—qu)2 (6)
ieel

Based on the above obtained main chemical composition of high potassium glass and lead-barium
glass using K-means clustering (Euclidean distance) clustering of high potassium glass and lead-
barium glass clustering as well as glass with or without weathering, respectively.

d(Jp, Ja)= \/Z(J——J) (7)

The steps involved in classifying high-potassium glass (lead-barium glass) are described.

a) Define the Euclidean distance in terms of the number of main chemical components of high-
potassium glass (lead-barium glass) - a multidimensional space;

b) Calculate the distance between two samples of high-potassium glass (lead-barium glass):

where e, is the set of main chemical composition numbers of high-potassium glass, p, g € r1,

r1 is the set of high-potassium glass labelling numbers and p # q, r2 is the set of lead-barium glass
labelling numbers and p # q).

The basic steps of K-means clustering are shown as follows: 1) randomly select a sample as the
first clustering centre; 2) calculate the distance from each sample to the selected clustering centre,
D(X), the larger D(X), the greater the probability that it will be selected as a clustering centre; 3)
select the next clustering centre by means of roulette wheel method (the larger the D(X) the higher
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the probability of it being selected as a clustering centre); 4) repeat step 2 until k clustering centres
have been selected; 5) after the selection of the k clustering centres, that is to say, the initial points
can be selected and then clustering can be carried out by using the standard K-means algorithm.

After preliminary analysis and screening, finally high potassium glass was divided into two
subclasses by SPSS using K-means clustering method; while lead-barium glass was divided into three
subclasses!*?. Because this cluster analysis involves more variables, each component can be regarded
as a variable, so in this cluster analysis we use principal component analysis to reduce the
dimensionality, to get two principal components and then clustering; in which the classification of
the results of the lead-barium glass cluster analysis is visualised in Fig.3.
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Fig. 3 Distribution of lead and barium glass scattering points.

It can be seen that in the classification of visualisation, this cluster analysis can distinguish the
differences between the subclasses more significantly, the analytical items listed in Table 1 and Table
2 below are the analytical items that have a significant effect on this clustering, of which there are
four components of high-potassium glass and lead-barium glass shared by the significant analytical
items, respectively, SiO2, PbO, BaO, P20s, which are good indicators of the effect of the next step in
the identification of the category of unknown points.

Table 1 Lead and barium glass subclassification interval table

Clustering categories (mean Zstandard deviation) = P
Category 1(n=23)|Category 3(n=10)|Category 2(n=5)
SiO; 0.27740.074 0.61840.084 0.916+0.058 [183.012/0.000***
CaO| 0.02940.019 0.0140.008 0.008+0.007 | 6.915 |0.003***
PbO| 0.48340.097 0.21140.06 0.040.0 88.788 |0.000***
BaO| 0.09240.061 0.07540.029 0.040.0 6.685 |0.003***
P20s  0.04940.047 0.00640.006 0.00540.005 | 6.042 |0.006***
SrO| 0.00540.003 0.00240.003 0.040.0 5.861 |0.006***

Table 2 High-potassium glass subclassification interval table

Clustering categories (mean =standard deviation) F P
Category 1(n=13) Category 2(n=6)
SiO, 0.72240.125 0.2140.156 59.025 | 0.000***
K20 0.08240.05 0.00240.003 14.384 | 0.001***
CuO 0.02640.015 0.06440.033 12.708 | 0.002***
PbO 0.00440.006 0.26440.081 143.864 | 0.000***
BaO 0.00640.01 0.28740.071 207.404| 0.000***
P20s 0.01240.015 0.06140.025 29.177 | 0.000***

Note: *** ** * represent 1 per cent, 5 per cent and 10 per cent significance levels, respectively.

Category 1 and 2 is classified as weathering mapping, for high-potassium glass: clustering to get
two classes; for lead-barium glass: clustering to get three classes, and the actual weathering degree
of agreement is shown in Fig.4.
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Fig. 4 Heat map of the chi-square test for high-potassium and lead-barium glasses

Using the Q-clustering results, the subclasses and whether weathering chi-square test, to get the
test heat map shown in Fig. 4, as presented in the heat map, statistical analysis of the results can be
obtained lead-barium glass category 1 weathering accounted for 87%, no weathering accounted for
13%, will be defined as weathering; lead-barium glass category 2 weathering accounted for 80%, no
weathering accounted for 20%, will be defined as weathering; lead-barium glass category 3
weathering accounted for 10% and no weathering accounted for 90%, defining it as no weathering;
high potassium glass category 1 accounted for 7.7% and no weathering accounted for 92.3%, defining
it as no weathering; high potassium glass category 2 accounted for 83% and no weathering accounted
for 17% as weathering. The clustering results are not significantly different from the actual degree of
weathering.

The classification results can be obtained by using the above equations (6) and (7), where Jqi and
Bqi are the values of the clustering centre, and Jpi and Byi are the values to be predicted for the glass
samples to be sampled, based on the distance of the samples from the classification centre in the six-
dimensional space, and the results are shown in Table 3:

Table. 3 K-means clustering subclassification results.

Glass type | Subclassification Clustering results Actual result
High Category 1 1. 3. 4. 5. 6. 7. 9. 13. 1. 3. 4. 5. 6. 7. 9.
Potassium (ugvzeatherezd) 15. 16. 17. 18. 22 16. 17. 18. 21. 22
Glass ategory 10. 12. 14. 21. 27 10. 12. 13. 14. 15. 27
(weathering)
324 2306‘ 2347‘ 2368‘ 2389‘ 3420‘ 2. 8. 11. 20. 23. 25.
Category 1 © 90, 9098, 39 A0 35 34 36. 37. 38. 30.
(weathering) 41. 46. 47. 48. 49. 50.
Lead and 51 52 54 55 56 40. 41. 45. 46. 47. 48.
barium cat 5 Lz == 49. 50. 51. 52. 54. 55.
glass. ategory 8. 11. 19. 23. 25 56

(weathering)

Category 3 29. 30. 31. 33. 35. 42.
(unweathered) 43. 44. 45. 53

19. 24. 26. 28. 29. 30.
31. 33. 35. 42. 43. 44.
53

From Table 3, the accuracy of lead-barium glass without weathering is 69.23%, and the accuracy
of weathering is 84%, and the accuracy of high potassium glass without weathering is 91.67%, and
the accuracy of weathering is 71.92%. This cluster analysis has a high accuracy rate, the existence of
the error may be related to the sample size is too small, whether the weathering eigenvalue is less
clear.
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3.2. Rationalisation

Through the F-test results and significance P-value test, the results of this clustering and division
show quite a high level of significance, and the F-test results and significance P-value test results of
the analysed items shared by the two types of glass (SiO, PbO, BaO, P20s) are also highly significant.

This rationality evaluation also introduces the contour coefficient, DBI, and CH index within spss
to evaluate the division results, and the results are shown in Table 4. The specific descriptions are as
follows:

Contour coefficient: for a collection of samples, its contour coefficient is the average of the contour
coefficients of all samples. The range of values of the contour coefficient is [-1,1], the closer the
samples of the same category are to each other the further away the samples of different categories
are from each other, the higher the score and the better the clustering effect.

DBI (Davies-bouldin): this indicator is used to measure the ratio of the intra-cluster distance
followed by the inter-cluster distance of any two clusters. The smaller this metric is indicates the
better the clustering effect.

CH (Calinski-Harbasz Score): the closeness of the class is measured by calculating the sum of the
squares of the distances between the points within the class and the centre of the class (denominator),
and the separation of the dataset is measured by calculating the sum of the squares of the distances
between the centroids of the class and the centroids of the dataset (numerator), and CH metrics are
obtained from the ratio of the separation and closeness, and the larger the CH, the better the clustering
effect.

Table. 4 Evaluation of cluster analysis results

Glass type Contour Coefficient DBI| CH
High Potassium Glass 0.682 0.464/62.489
Lead and barium glass 0.582 0.505/92.348

The clustering effect of high potassium glass and lead-barium glass was assessed by three
evaluation indexes, namely, profile coefficient, DBI and CH. As can be seen from Table 4, these
metrics are within the appropriate range, indicating a better clustering effect. Specifically, high
potassium glass exhibits a slightly higher profile coefficient, suggesting a higher degree of similarity
within its sample and more significant differences between categories.Both DBI and CH metrics
indicate relatively good clustering effects, with high potassium glass with a lower DBI suggesting a
relatively higher degree of tightness within its clusters. Taken together, the chosen clustering
algorithm presents a relatively good rationality for differentiating and classifying the samples of high-
potassium glass and lead-barium glass.

3.3. Sensitivity analysis

In terms of data sensitivity, if a random data is adjusted by 5 per cent, basically one and only the
boundary value will change the subcategory classification, so it is not sensitive to the change of the
original data which is similar to the data used in the model, so it is reasonable for the subcategory
classification.

4. Conclusion

This study provides a comprehensive taxonomic study by analysing the composition of ancient
glass objects in depth, leading to a series of meaningful results. Firstly, it was found that colour and
ornamentation did not have a significant effect on the degree of weathering of the glass, however, the
glass types showed significant differences in surface weathering, with high-potassium glass in
particular showing more significant differences relative to lead-barium glass. Secondly, analyses for
high-potassium glasses showed significant differences in SiO2 content, which may reflect the
inhomogeneity of mineral distribution during weathering. Meanwhile, Na2O and K20 showed
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significant changes in weathering, providing important clues for us to interpret the weathering process.
For unweathered lead-barium glasses, the study showed that several components decreased
significantly after weathering, especially Na20, K20, Fe203, SnO2, and SOz2. in the weathering
process of high-potassium glasses, all components generally showed a decreasing trend, which
provided key information about the loss of SiO2, Na20, K20, and Fe20s. Finally, the study used K-
means cluster analysis to classify the subclasses of high-potassium glass and lead-barium glass, and
two and three subclasses were obtained, respectively. The reasonableness of the clustering results was
verified by the chi-square test, and the good classification effect was demonstrated by the accuracy
analysis. Among them, the accuracy rate of lead-barium glass without weathering is 69.23%, and the
accuracy rate of weathering is 84%; the accuracy rate of high potassium glass without weathering is
91.67%, and the accuracy rate of weathering is 71.92%. This study provides a preliminary method
for the classification of ancient glass artefacts, but it still needs to face the challenges and
opportunities. With the continuous progress of science and technology, the advanced means such as
spectral analysis and imaging technology will provide a more accurate tool for the study, which will
help to dig deeper into the information of glass artefacts. Therefore, future research should be
committed to continuous innovation of data collection methods, continuous optimisation of modelling
techniques, and the combination of emerging technological means, to create a broader prospect for
the research and protection of ancient glass artefacts.
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