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Abstract. The classification and identification of ancient glass artifacts is complicated due to the
exchange of internal elements, which can be influenced by a multiplicity of different factors, such as
weathering, erosion, and so on. To classify and identify the types of glass artifacts, this paper uses
cluster analysis (K-Means) to study the main chemical composition of high potassium glass and lead-
barium glass. It is found that the chemical composition of different glass ( potassium oxide, barium
oxide, lead oxide) and subclasses types are significantly different, and the content of lead oxide in
lead-barium glass also has a large difference. Using the clustering centers obtained by cluster
analysis (K-Means), the eight unknown types of glass were first determined visually and briefly based
on the different proportions of potassium oxide, barium oxide, and lead oxide. As for accurate
classification, the Euclidean distances between the unknown components and the sample centroids
were calculated separately, and the shortest Euclidean distances were identified by comparison, and
then categorized for identification.

Keywords: Cluster Analysis, Ancient Glass Artifacts, Euclidean Distance, Classification and
Identification.

1. Introduction

Ancient glass is highly susceptible to weathering by the burial environment. During the weathering
process, the internal elements are exchanged with the environmental elements in large quantities,
resulting in changes in their composition ratios and thus affecting the correct determination of their
categories [1-2]. The analysis and identification of ancient glass artifacts have attracted extensive
attention from many researchers [3]. To classify the types of glass artifacts, this paper attempts to
find the classification rules of two glass types by counting the different chemical compositions of the
two types of glass, giving the division method of subclass division [4-5], and judging the rationality
of the division method. In order to identify the types of glass artifacts, the content of chemical
substances in unknown glass artifacts is an important criterion for classification, and the unknown
glassis classified by the significant differences in the chemical composition of different types of glass.
Then a sensitivity analysis is performed by changing a parameter of the type of glass [6].

2. Glass classification model building and solving

In this study, the data of the chemical composition of ancient glass artifacts first has been
preprocessed to study the classification law of two types of glass. Secondly, the K-means clustering
model is used to classify the data, and then perform the clustering summary to find out the significant
chemical composition that can classify the glass [7]. Finally, judge the reasonableness of the k value
taken by calculating the profile value. The flow of the K-means clustering model is shown in Figure
1.
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Figure 1. Flow chart of K-means clustering model

2.1. Data source

The dataset used in this study was obtained from the 2022 Chinese National College Student
Mathematical Modeling Competition, specifically from Problem C. The data concerns ancient
Chinese glassware, which has been classified by archaeologists into two categories based on their
chemical composition and other testing methods: high-potassium glass and lead-barium glass.

The dataset includes information on the proportions of various chemical components of the
glassware, along with their respective classifications. The data is characterized by its compositional
nature, whereby the sum of the proportions of each component should be 100%. However, due to
limitations of the testing methods and other factors, some of the data may be less than 100%. To
account for this, we considered data with the sum of component proportions between 85% and 105%
as valid data.

The data has been preprocessed, and the resulting dataset is available on GitHub. This dataset can
be accessed using the following link: [https://github.com/magemaa/2022-C].

2.2. Data pre-processing

Use the Vlookup function in Excel for merging to facilitate statistics. Screen the chemical elements
that have a strong influence on the type of glass Based on the title Lead Barium Glass with a high
content of lead oxide (PbO) and barium oxide (BaO) Potassium glass is made by firing substances
with high potassium content can be known as potassium oxide, lead oxide, and barium oxide. Make
a table of these three elements [8].

2.3. Model Building

To explore the distribution pattern of high potassium glass and lead-barium glass and analyze the
rationality and sensitivity of the classification model. The clustering category variability analysis is
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performed based on the fields and then clustering summary analysis is performed to analyze the
frequency of each clustering category.

According to the data set clustering annotation can know to which category each sample data is
classified, the cluster center coordinates can be used to analyze the distance between each sample and
the center point, which reflects the correlation degree between a point and the center point, the
correlation is strong then classified into one category, if the correlation is weak then continue to iterate
the analysis, and finally, the analysis results are reviewed to observe the significant differences of
chemical substances of various glasses after classification [9-10].

2.4. Systematic clustering model for glass species (k-means)

(1) The data are clustered with k-means, and then the cluster regions are plotted, as shown in Figure
2:

40

y(PbQO) 0 o0 x(K20)
Figure 2. K-means clustering

The larger clusters seem to be divided into three regions to cluster the data. Specify k=3 clusters.
(2) Verify the reasonableness of the value of K taken and calculate the contour value. The contour

values are shown in Figure 3.
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Figure 3. Contour map
The profile value is close to 1, so it is more reasonable to make k=3.

(3) Cluster analysis results
The results of the field variability analysis are shown in Table 1.
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Table 1. Field Variance Analysis Table
Clustering categories (mean +standard deviation) = p
Category 2(n=27) | Category 1(n=21) | Category 3(n=19)
Type 2.04.0 2.04.0 1.05340).229 412.657 | 0.000***
Potassium oxide 0.15740.173 0.18840.377 6.08145.345 29.379 | 0.000***
Barium oxide 12.66449.955 8.098+4.669 0.48540.899 17.522 | 0.000***
Lead oxide 22.76147.081 47.96548.558 0.908+2.806 244.309 | 0.000***

Note: *** ** * represent 1%, 5%, 10% significance levels, respectively

The results of the ANOVA showed that: for the variable potassium oxide (K20), the significance
P-value was 0.000*** (1%), showing significance at the level and rejecting the original hypothesis,
indicating that the variable potassium oxide (K20) was significantly different between the categories
classified by the cluster analysis.

For the variable barium oxide (BaO), the significant p-value of 0.000*** (1%), shows significance
at the level, rejecting the original hypothesis, indicating that the variable barium oxide (BaO) is
significantly different between the categories divided by cluster analysis.

For the variable lead oxide (PbO), the significance p-value is 0.000*** (1%), which presents
significance at the level and rejects the original hypothesis, indicating that the variable lead oxide
(PbO) is significantly different between the categories delineated by the cluster analysis.

For the analyzed objects, the clustering summary was performed, and the summary graph was
drawn, as shown in Figure 4. it can be seen to be more evenly divided into three categories. The
rationality of clustering was further verified.
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Figure 4. Clustering Summary
The dataset clusters are labeled as shown in Table 2:
Table 2. Data clustering table

Clustering type Type Potassium oxide Barium oxide Lead oxide

1 2 1.05 0 47.43

3 1 5.19 0 0.25

3 1 12.37 2.86 141

3 1 9.67 0 0

3 1 10.95 0 0

3 1 7.37 1.38 0.2

3 1 7.68 0.97 0.35

3 1 0 0 0

2 2 0 31.23 28.68
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The above table shows the partial data clustering annotation of the model clustering results, it is a
preview result, and only the first 9 entries of the integrated ranking are shown.
The coordinates of clustering centroids are shown in Table 3:

Table 3. Table of clustering centers

Clustering Center Central value_potassium | Central value_Barium | Central Value_Lead
type Value Type oxide oxide Oxide
1 2 0.1880 8.0980 47.9647
2 2 0.1574 12.6644 22.7607
3 1.0526 6.0805 0.4847 0.9078

As can be seen from the table, cluster (1) and cluster (2) contain lower levels of potassium oxide
and higher levels of lead oxide and barium oxide, while cluster (3) is the opposite. Cluster (1) clearly
contains more lead oxide and less barium oxide compared to cluster (2).

2.5. Sensitivity analysis of clustering analysis results

The chemical compositions of various glasses were added 2%, 5%, and 10% using MATLAB,
brought into the K-means clustering model to re-form the clustering centers, and the differences were
observed by comparing these clustering centers with the initial clustering centers. The differences in
the center values of potassium oxide, lead oxide, and barium oxide were obtained for the 3 categories
at each degree of disturbance.

The absolute value of the difference between each center value and the original clustering center
after comparing the different levels of disturbance and performing cluster analysis was less than 1%
(the unit of the component on the way is the percentage of the total substance), which proves that the
established K-means clustering model has good robustness and will not be distorted by small
fluctuations of the data.

3. Establishment and solution of the glass identification model

In order to see the main chemical composition of different artifacts, a line graph was drawn based
on the main components of the eight unknown glasses, and then the Euclidean distance method was
used to discern the type of artifacts belonging to the artifacts and to determine the sensitivity of the
results, a small perturbation was made to a parameter of the glass, and the results before and after the
perturbation were compared. The glass identification process is shown in Figure 5.
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Figure 5. Glass identification flow chart

3.1. Analysis of the chemical composition of unknown glass artifacts

Using the judging criteria above, i.e., the content of potassium oxide, barium oxide, and lead oxide
to determine the classification of unknown glass artifacts, we made bar charts of the major chemical
content of the eight unknown artifacts in order to visualize the data and present more clearly the
differences in chemical content among the different artifacts. As shown in Figure 6:
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Figure 6. Statistical chart of chemical composition content
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It is observed that the lead oxide content is higher in glass artifacts A2, A3, A4, A5, and A8, and
the potassium oxide content is higher in A3, A4, A6, and A7. It can be found that the lead oxide and
potassium oxide content is higher in A3, and A4, and it is impossible to judge their types directly.

3.2. Identification of unknown glass artifacts

We used to calculate the Euclidean distance between the vectors and the cluster centroids and
selected the minimum value by using the Euclidean distance formula.

d(i, j) = \/[(xu ) (% =) + (%, —xjn)zJ 1)

Let the chemical composition of the A; glass artifact be X, j, such as {X;, X, X3} as vector Al,
calculate the Euclidean distance between vector Al and each clustering center, take the minimum
value of the three distances, and group them into one category.

And so on, the minimum Euclidean distance of the vector is obtained, and all the unknown glass
artifacts in Table 3 are classified. The classification results are shown in Table 4.

Table 4. Classification results

Cultural relics Potassium oxide Lead oxide Barium oxide Identify
Number Type
Al 0 0 0 High potassium
A2 0 34.3 0 lead barium
A3 1.36 39.58 4.69 lead barium
A4 0.79 24.28 8.31 lead barium
A5 0.37 12.23 2.16 High potassium
A6 1.35 0 0 high potassium
A7 0.98 0 0 high potassium
A8 0.23 21.24 11.34 lead barium

3.3. Sensitivity analysis of classification results

To determine the effect of each component on the system as a whole to evaluate the stability of
the established clustering model, we have to perform a sensitivity analysis. The data of the chemical
element content of a certain glass is gradually increased proportionally to perturb the system as a
whole (e.g., potassium oxide content data are each increased by -5%, -10%, 5%, 10%, etc.) brought
into the k-means model in Problem 2 to observe whether the classification criteria change.

Using MATLAB, we increased potassium oxide and barium oxide by 5% to 10% respectively, in
the type of glass after cluster analysis. It was found that by increasing potassium oxide and barium
oxide by 5% to 10%, respectively, the obtained artifact categories did not change, and the clustering
model was judged to have good stability.

A summary of this research problem: By solving the Euclidean distance between the unknown
artifacts and the clustering center, we obtained Al, A5, A6, and A7 as high potassium glass and A2,
A3, A4, and A8 as lead-barium glass, and found that the results obtained before and after the
perturbation were consistent with those before the perturbation, which proved its stability.

4. Conclusion

In summary, this study demonstrates the effectiveness that a relatively simple K-Means algorithm
is used to establish an ancient glass classification model. The main chemical composition of high
potassium glass and lead-barium glass was analyzed by cluster analysis (K-Means), and the content
of lead oxide in lead-barium glass was divided into three categories. By analyzing the main chemical
composition, this model can accurately categorize different types of ancient glass. As to identify the
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types of unknown glasses, the analysis was performed to determine the categories based on the
clustering centers obtained from the cluster analysis (K-Means). To obtain accurate identification, the
Euclidean distance between the unknown components and the center point of the sample is calculated,
respectively, and then the shortest Euclidean distance was selected to categorize for identification.
The unknown artifacts A1, A5, A6, and A7 were obtained as high potassium glass, and A2, A3, A4,
and A8 were lead-barium glass. The successful identification of eight unknown glasses in this study
indicates the practicality of this classification model. Additionally, the sensitivity analysis conducted
in this study proves the stability of the cluster analysis and provides a method for further improving
the accuracy of the classification model. This study provides a valuable contribution to the field of
ancient glass analysis and offers a promising approach for future research in this area.
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