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Abstract: During the weathering process, a large number of internal elements are exchanged with
environmental elements, resulting in a change in the proportion of glass composition, which affects
the correct judgement of glass categories. By comparing the chemical composition of high potassium
glass and lead-barium glass, this paper finds that the proportion of silicon dioxide and potassium
oxide is significantly higher in the high potassium glass category, while the proportion of lead oxide
and barium oxide is high in the lead-barium glass category, and the above-mentioned substances
with large differences in content are defined as classified substances. A logistic regression analysis
was carried out to derive a regression equation between the classified substances and the glass
type, which was used as a basis for determining the glass type. Based on this, a K-means++
clustering algorithm was used to perform subclass classification, resulting in three subclasses for
each type. Finally, the glass of unknown composition was identified according to the established
model.
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1. Introduction

Glass circulation through the Silk Road[1], is a valuable physical evidence of cultural exchange
between China and the West[2-4]. The main raw material for glass is quartz sand, and in order to
reduce the melting temperature of pure quartz sand during the refining process, ancient craftsmen
often resorted to such things as grass wood ash, natural bubble soda[5], saltpeter and lead ore as fluxes,
and often limestone as a stabilizer[6].

Ancient Chinese glass compositions are made up of a variety of compositional systems[7]. Our
high lead glass is unique in the world of ancient glass compositions. In particular, PbO-BaO-Si02
system glass. is only found in China in ancient ancient glass compositions.

Differences in fluxes caused the main chemical composition of the glass to differ as well. For
example, the glass obtained by fluxing with lead ore is called lead-barium glass, which has a high
content of lead oxide (PbO) and barium oxide (BaO)[8]; the glass made by fluxing with substances
containing high amounts of potassium, such as grass ash, is called potassium glass. Ancient glass is
highly susceptible to weathering, and during the process of weathering, a large number of internal
elements are exchanged with environmental elements, resulting in changes in the proportions of the
glass composition and affecting the correct determination of the glass type[9-10].

2. Modelling glass classification
2.1 Glass classification rules

Firstly, the data was visualized to produce a histogram of the difference between the mean and
average values for each component of high potassium glass and lead barium glass, the results of which
are shown below.
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Figure 1: Histogram of the mean values of the components of the high potassium and lead-barium
glasses

As can be seen from the figure 1, the two components of silicon dioxide and potassium oxide are
significantly higher than those of lead-barium glass in the high potassium glass category, while the
two components of lead oxide and barium oxide are significantly less than those of lead-barium glass.
Therefore, we infer that the main components of high potassium glass are silicon dioxide and
potassium oxide, while the main components of lead-barium glass are silicon dioxide, lead oxide and
barium oxide. The results are shown in the figure 2.
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Figure 2: Histogram of the difference between the mean values of the components of high
potassium glasses and lead-barium glasses

We defined these widely varying components as categorical components and first conducted
simple sample statistics on the categorical components with the following table 1:

Table 1: Statistical table describing the content of components that differ significantly between the
high potassium and lead-barium glass types

Descriptive statistics

N Minimum Maximum Mean Star'ldérd
deviation
Silicon dioxide 67 3.72 96.77 49.02 24.32
Potassium oxide 67 0.00 14.52 1.85 3.88
Lead oxide 67 0.00 70.21 24.46 19.51
Barium oxide 67 0.00 3545 7.78 8.42

Next, we defined the high potassium category as 1 and the lead-barium category as 0. We
standardized the classification components and then performed a linear regression analysis, the results
of which are shown in the table 2:
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Table 2: Table of regression analysis coefficients for the content of components that differ
significantly between high potassium and lead-barium glasses and their types

Coefficients
Models Unstandardized factor standardized Covqugnce
factor . statistics
Standard t Significance
B Beta tolerance  VIF
errors
(Constant) 0.27 0.03 9.75 0.00
Zscore:Silicon
dioxide (Si02) 0.14 0.09 0.31 1.47 0.15 0.09 11.41
Zscore:Potassium
oxide (K20) 0.21 0.05 0.47 4.49 0.00 0.36 2.81
Zscore:Lead oxide
(PbO) -0.09 0.09 -0.21 -1.06 0.29 0.10 10.18
Zscore:Barium oxide ) 4 0.05 2010 -0.82 0.41 028  3.60
(BaO)

The B values of the regression coefficients show that silicon dioxide and potassium oxide are
positively correlated with the type codes, and lead oxide and barium oxide are negatively correlated
with the type codes, in general agreement with the observations in the visual data plots. The regression
equation for the type codes can be derived as:

Type codes = 0.269+0.0138x Z.Si02+0.209x Z.K20-0.094 x Z.PbO - 0.043x Z.BaO 1

The regression equation was next used to validate the data and some of the data validation results
are shown in the table 3:

Table 3: Categorization prediction of sample types using regression equations

Type Si02 K20 PbO BaO Predicted value Forecast A;:‘:lr:tte
High Potassium 0.84 2.10 -125 -0.92 2.75 Type Accurate
Lead Barium -0.52 -021 1.18 -0.92 0.19 High Potassium Accurate
High Potassium 1.56 0.86 -1.24 -0.92 1.52 Lead Barium Accurate
High Potassium 0.52 271  -1.18 -0.58 3.33 High Potassium Accurate
High Potassium 0.69 202 -125 -0.92 2.66 High Potassium Accurate
High Potassium 0.52 235 -125 -0.92 2.99 High Potassium Accurate
High Potassium 0.77 142 -1.24 -0.76 2.06 High Potassium Accurate
High Potassium 0.44 1.50 -1.24 -0.81 2.14 High Potassium Accurate
High Potassium 1.79 -0.48 -1.25 -0.92 0.18 High Potassium Inaccurate
Barium lead -1.19 -048 022 2.78 -0.15 Barium lead Accurate
Barium lead -1.83 -048 041 271 -0.18 Barium lead Accurate

From the predicted results for all the data, it can be seen that the accuracy is 90% and therefore the
classification can be considered as a valid one. The ability to classify unknown types of glass using
this regression equation.

2.2 Subclass classification based on K-means clustering algorithm

This question uses the K-means clustering algorithm for subclassification. After the clustering
process, we are able to estimate, analyze and predict more accurately within each class individually
using statistical models; we can also study the differences between classes, which is very convenient
for the next subclass classification. The flow chart of the algorithm is as figure 3:
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Figure 3: Flow chart for subclassing based on K-means clustering algorithm

We used the K-means++ clustering algorithm to iteratively analyze the chemical components in
the table above and obtained the corresponding subclass divisions, with the results divided into the

high potassium and lead-barium classes shown in table 4:

1) High Potassium

Table 4: Statistical table of the various types of artefacts numbered in the potassium category

Statistics on the numbering of various types of artefacts in the High Potassium category

Category 1
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Category 3

The final selected clustering centers are as follow table 5:

Table 5: Table of final cluster center values calculated by the K-means++ clustering algorithm for

different subclasses of artefact numbers in the high potassium class

Final Clustering Center

Clustering
1 2 3

Zscore: Silicon dioxide (Si02) -0.70 1.01 -0.88
Zscore: Sodium oxide (Na20) -0.43 -0.43 0.85
Zscore: Potassium oxide (K20) 0.09 -0.79 0.99
Zscore: Calcium oxide (CaO) 0.05 -0.89 1.15
Zscore: Magnesium oxide (MgO) 1.02 -0.63 0.16
Zscore: Aluminium oxide (Al1203) 1.03 -0.88 0.49
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Zscore: Iron oxide (Fe203) 1.19 -0.75 0.21
Zscore: Copper oxide (CuO) 0.74 -0.59 0.30
Zscore: Lead oxide (PbO) 0.91 -0.47 0.03
Zscore: Barium oxide (BaO) 1.66 -0.47 -0.47
Zscore: Phosphorus pentoxide (P205) 1.24 -0.44 -0.24
Zscore: Strontium oxide (SrO) 1.25 -0.43 -0.25
Zscore: Tin oxide (SnO2) -0.24 0.29 -0.24
Zscore: Sulphur dioxide (SO2) -0.43 -0.43 0.86

Table 6: Table of final cluster centroid distance values calculated by the K-means++ clustering
algorithm for different subclasses of artefact numbers in the high potassium class

Distance between final clustering centers

Clustering Category 1
Category 1 0
Category 2 5.38
Category 3 4.17

Category 2
5.38
0
4.36

Category 3
4.17
4.36

0

Table 7: Evaluation table of the different subclasses of artefacts in the high potassium class

calculated by the K-means++ clustering algorithm by F-test analysis

ANOVA
Clustering Error
Mean Degree Mean Degree F Significance
Square Freedom Square Freedom
Zscore: Silicon dioxide (SiO2) 7.41 2.00 0.15 15.00 51.16 0.00
Zscore: Sodium oxide (Na20) 3.26 2.00 0.70 15.00 4.67 0.03
Zscore: Potassium oxide (K20) 5.42 2.00 0.41 15.00 13.21 0.00
Zscore: Calcium oxide (CaO) 7.17 2.00 0.18 15.00 40.31 0.00
Zscore: Magnesium oxide (MgO) 3.72 2.00 0.64 15.00 5.84 0.01
Zscore: Aluminium oxide (A1203)  5.97 2.00 0.34 15.00 17.74 0.00
Zscore: Iron oxide (Fe203) 5.23 2.00 0.44 15.00 11.97 0.00
Zscore: Copper oxide (CuO) 2.78 2.00 0.76 15.00 3.65 0.05
Zscore: Lead oxide (PbO) 2.54 2.00 0.80 15.00 3.19 0.07
Zscore: Barium oxide (BaO) 7.08 2.00 0.19 15.00 37.26 0.00
Zscore: Phosphorus pentoxide
(P205) 4.04 2.00 0.59 15.00 6.80 0.01
Zscore: Strontium oxide (SrO) 4.06 2.00 0.59 15.00 6.85 0.01
Zscore: Tin oxide (Sn0O2) 0.63 2.00 1.05 15.00 0.60 0.56
Zscore: Sulphur dioxide (SO2) 3.35 2.00 0.69 15.00 4.87 0.02

As clusters have been selected to maximize the differences between cases in different
clusters, the F-test should only be used for descriptive purposes. The measured significance
levels have not been corrected for this and so cannot be interpreted as a test of the hypothesis

that the 'cluster means are equal'.

As can be seen from the table 5. 6. 7, the significance statistics for all chemical compositions are
less than 0.05, except for copper oxide (CuO) and tin oxide (SnO2), which indicates that the clustering
algorithm is highly correlated with chemical composition and a good method of subclassing.

The modelling approach for lead-barium glass is consistent with that for high-potassium glass and

is therefore not repeated.

Statistics on the number of classified cases is shown as figure 4.
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Figure 4: Statistical pie of the number of classified cases

Rationality and sensitivity analysis of sub-categorization:

Indicators to specifically evaluate the rationality and sensitivity of the sub-category split are also
given below.

Reasonableness:

Compactness d is an evaluation indicator of classification rationality and is used to measure the
compactness of all points within a category, expressed as the average distance of all points within a

category to the center of the category, and is calculated as follows.
1

14 n
d=l\/z (X=X @
o\ k=1

Xpg - Coordinates of category centroids; xj :Coordinates of the point; n:Number of sample
s within category

1. High Potassium

The results of the calculations obtained were.

The average distance for category 1 was pl =2.9174; for category 2, p2 = 1.5545; and for category
3, p3 = 2.4143. All three values were small, with the artefacts of each type being closer to their
respective centroids, which indicates that all three fit well and were classified from the same class.
This means that the use of the clustering algorithm model for sub-classing has been successful.

2. Lead and barium

The results of the calculations are.

The average distance for category 1 is pl = 3.3162; the average distance for category 2 is p2 =
2.5418; the average distance for category 3 is p3 = 2.8908.

The small mean values for the three classes are consistent with the compactness results for the
subclass delineation of high potassium glass above, i.e. each type of artefact is at a small distance
from the centroid of its construction. This suggests that the subclass delineation under the model of
the clustering algorithm is relatively successful and that its delineation criteria are quite reasonable.

Sensitivity analysis:

Sensitivity analysis was carried out by first normalizing the data, followed by random scaling of
the perturbed data within the range (-130%, +130%) and observing how the results differed from the
unperturbed data, and the results are shown in the following table.8:

Table 8: Classification accuracy after perturbation

Classification accuracy after perturbation
Scaling 1%  Scaling2% Scaling5% Scaling10% Scaling20% Scaling30%
Accuracy 100% 100% 100% 100% 100% 100%
It can be seen that the model is 100% accurate after receiving perturbations, and still maintains
good robustness and stability, thus proving that the clustering model used in this question is universal
and resistant to disturbances.
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3. Type determination based on chemical composition analysis

Next, we used the regression equation above (Type code = 0.269 + 0.0138*Z.silicon dioxide +
0.209 + Z.potassium oxide - 0.094*Z.lead oxide - 0.043*Z.barium oxide) to analyze and predict the
standardized data, the results of which are shown in the table 9:

Table 9: Table of predicted results after raw data

Heritage number Si0, K,O PbO BaO Predicted value Type of prediction
Al 0.72 -1.13 -1.04 -0.75 -0.51 Barium Lead
A2 -0.91 -1.13 1.12 -0.75 -0.74 Barium lead
A3 -1.14 1.29 1.46 0.31 1.60 High Potassium
A4 -1.00 0.28 0.49 1.13 0.64 High Potassium
A5 0.16 -0.47 -0.27 -0.26 0.05 Barium lead
A6 1.31 1.27 -1.04 -0.75 1.90 High Potassium
AT 1.22 0.61 -1.04 -0.75 1.24 high potassium
A8 -0.37 -0.72 0.30 1.82 -0.35 Barium lead

Based on the above classification results, we will further subdivide the unknown artefacts into
subclasses of the respective artefacts' categories. First we apply the K-means algorithm to calculate
the distance of unknown artefacts A1-A7 from the three clustering centers derived from the second
question, and then compare their sizes before grouping A1-A7 into the one closest to the three
clustering centers. The results of the subclassification are shown in the following table 10:

Table 10: Table of results of further subclassification of high potassium glass products

Heritage number Clustering 1 Clustering 2 Clustering 3 Classification
A3 3.63 5.45 3.80 1
A4 1.81 4.51 3.54 1
A6 5.90 2.37 4.23 2
A7 5.61 2.00 3.92 2

Artefacts numbered A3 and A4 are all in the high potassium category 1 subclass, while artefacts
numbered A6 and A7 are all in the high potassium category 2 subclass.

As can be seen from Table 10, artefact number A2 is in subclass 1 of lead and barium, artefact
numbers Al and A5 are both in subclass 2 of lead and barium, while artefact number A8 is in subclass
3 of lead and barium.

Sensitivity Analysis:

Sensitivity tests were conducted on the classification results based on the categories assigned in
the first question. The perturbed treated data were randomly scaled within the range (-130%, +130%)
to observe how the results differed from the unperturbed data for sensitivity analysis, and the results
are shown in the table 11:

Table 11: Table of sensitivity analysis tests on classification results

Classification results after perturbation Classification results Accuracy
Heritage number Rankl Rank2 Rank5 Rankl0 Rank20 Rank30 Rank0 /
Al 2 2 2 2 2 2 2 100%
A2 2 2 2 2 2 2 2 100%
A3 1 1 1 1 1 1 1 100%
A4 1 1 1 1 1 1 1 100%
A5 2 2 2 2 2 2 2 100%
A6 2 2 2 2 2 2 2 100%
A7 2 2 2 2 2 2 2 100%
A8 3 3 3 3 3 3 3 100%
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It can be seen that the accuracy is up to 100%, so the model has good robustness, generalizability
and resistance to interference.

4. Conclusions

In order to classify the glass, this paper compares and analyzes the chemical composition of high
potassium glass and lead-barium glass, and finds that the percentage of silicon dioxide and potassium
oxide in high potassium glass is significantly higher, while the percentage of lead oxide and barium
oxide in lead-barium glass is very high, and we define the above-mentioned substances with large
differences in content as classified substances. A logistic regression analysis was carried out to derive
a regression equation between the classified substances and the type of glass, which was used as a
basis for determining the type of glass. Based on this, we used the K-means++ clustering algorithm
to perform subclass classification, and three subclasses were divided under each glass type. Finally,
the compactness, P-value and F-value were selected to measure the reasonableness of the subclass
delineation, and the data were perturbed during the sensitivity analysis, resulting in an accuracy of
100% for the model when the perturbation range was 30%.

For the identification of the glass, the classification was carried out using the model developed to
give the classification results. On this basis, the data was perturbed and the variable values were
scaled randomly within the range (-130%, +130%) and the results were observed in comparison to
the results without perturbation, resulting in an accuracy of 100% after perturbation, which
demonstrates the robustness and generalizability of the model.
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