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Abstract. The Silk Road served as a conduit for cultural exchange between ancient East and West,
with glass being a valuable material evidence of early trade interactions. Archaeologists have
classified ancient glassware primarily into two categories: high-potassium glass and lead-barium
glass. This study focuses on the sub-classification of high-potassium glass. Firstly, the high-
potassium glass is divided into two major categories, weathered and unweathered, based on their
weathering properties. Subsequently, the R-Q clustering algorithm is employed to further subdivide
the unweathered high-potassium glasswhile the same approach is applied to the weathered high-
potassium glass. The results are validated through rational analysis and can be applied to other types
of ancient glassware.
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1. Introduction

Glass is primarily composed of silica, with its main raw material being quartz sand. Due to the
high melting point of silica, the addition of flux is necessary during the refining process. The choice
of flux affects the chemical composition of the glass. For instance, potassium glass is often produced
by firing with plant ash as a flux, resulting in a higher potassium content. Ancient glass, when
preserved to the present day, undergoes weathering due to the influence of its storage environment,
leads to changes in its chemical composition. By studying the rule of chemical composition content
of ancient glass, it is helpful for experts to classify glass relics more accurately. It can improve the
scientific nature and accuracy of cultural relics identification and has certain practical significance to
some extent. Before our study, some scholars used X-ray diffraction and other technologies to study
glass components [1-2], and some scholars also used various cluster analysis methods to classify glass
products [3-5].

The R-Q clustering algorithm is a clustering algorithm for high-dimensional datasets. It exhibits
good robustness when dealing with datasets containing abnormal data and noise [6-7].This study
takes unweathered high-potassium glass as an example, utilizing the R-Q clustering model [8]to select
appropriate chemical composition indicators and conduct sub-classification, yielding specific
classification results. The sub-classification of other types of glass follows a similar approach. The
data in this paper comes from Google Scholar. Ten glass samples, each of which has 14 chemical
components, are selected for analysis.

2. R-Q Type Clustering

2.1. R-Type Clustering Method

(1): Similarity Measurement of Variables

The R-Type clustering method aggregates variables into several clusters based on their similarity,
aiming to identify the primary factors influencing the system. The correlation coefficient is utilized
to measure the similarity of chemical composition indicators [9-10].
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Let x; denote the values of the variable [y %5000, ij]T eR"(j=12,--,p)- It takes the number of

sample points m and takes the number of chemical composition indicators p, with a maximum value
of 14. Equation (1) represents the correlation coefficient between the variable x; and x,, which

serves as the similarity measurement for the chemical composition indicators.

r = ZZ(Xij—Yj)(Xik—?k) _jk=12,p 0
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In Equation (1), X, :HZXU
i=1
(2): Variable Clustering

In this paper, the function linkage(X,'average’) [11] in MATLAB is directly used to realize the
clustering of chemical composition indexes.

2.2. Q-Type Clustering

(1): Similarity Measurement of Samples

Let Q be the set of artifact sample points, and let distance d ( ) be a functionof QxQ —>R".
Let a= [al,ag,---,apT b= [bl, b2,~-,pr and use the Minkowski distance to calculate the
similarity between each pair of sampled points [12]. This can be represented as:

b){fjak—bk@q,q >0 (2)

We utilize the commonly employed Euclidean distance, which is a popular metric in Minkowski
distance, to measure the similarity between samples. The formula for calculating this similarity is
represented as Equation (3).

b){kzp]ak _bkdz 3)

(2): Similarity Measurement between Clusters

Similar to the R-Type clustering method, the Q-Type clustering method also employs the class
average method to calculate the distance between clusters. The formula for calculating this distance
is represented as Equation (4).

D(G,,G,)=

Y S d(xx,) @)

2 Xi eGlx eG,

In Equation (4), n,and n, respectively represent the number of sample pointsin G, and G, .

3. Results

The unweathered high-potassium glass exhibits 14 chemical composition indicators with a total of
10 sample points. The sample points are numbered from 01 to 10 in sequential order, with the
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respective numbers assigned as follows: 01, 03, 04, 05, 06, 13, 14, 16, 18, and 21. The correlation
between the 14 chemical composition indicators is analyzed using the R-Type clustering method.
Initially, the correlation coefficients are calculated for the proportions of each chemical composition
indicator. Table 1 presents the correlation coefficient matrix for the second to eighth chemical
composition indicators.

Table 1. Partial Correlation Coefficient Matrix
Na20 K20 CaO MgO Al203 Fe203 CuO PbO

Na20 1.00 -0.56 -0.65 -0.91 0.33 -0.70 -0.32 -0.29
K20 -0.56 1.00 0.54 0.56 -0.81 0.52 -0.27 -0.16
CaO -0.65 0.54 1.00 0.46 -0.36 0.19 -0.30 -0.22
MgO -0.91 0.56 0.46 1.00 -0.43 0.73 0.34 0.35
Al203 0.33 -0.81 -0.36 -0.43 1.00 -0.08 0.09 -0.19
Fe203 -0.70 0.52 0.19 0.73 -0.08 1.00 0.17 -0.04
CuO -0.32 -0.27 -0.30 0.34 0.09 0.17 1.00 0.91
PbO -0.29 -0.16 -0.22 0.35 -0.19 -0.04 0.91 1.00

The correlation coefficient matrix reveals strong correlations among certain chemical composition
indicators. Consequently, the R-Type clustering method is applied to classify the 14 chemical
composition indicators, selecting representative ones from each cluster.

The proportion data for each variable (chemical composition) is standardized. The similarity
between each pair of chemical composition indicators is calculated using the correlation coefficient,
while the similarity between clusters is measured using the class average method. A clustering
dendrogram is generated using MATLAB, as depicted in Figure 1.
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Figure 1. Clustering of Chemical Composition Indicators

According to the dendrogram-based clustering, the 14 chemical composition indicators can be
divided into five clusters as shown in Table 2:

Table 2. Classification Diagram of Chemical Composition Indicators

Category Chemical Composition Indicators

Class 1 1 Silica dioxide. 12 Strontium oxide. 13 Tin oxide

Class 2 5 Magnesium oxide. 14 Sulfur dioxide

Class 3 9 Lead oxide. 10 Barium oxide

Class 4 7 Iron oxide. 8 Copper oxide. 11 Phosphorus pentoxide

Class 5 2 Sodium oxide. 3 Potassium oxide. 4 Calcium oxide. 6 Aluminum oxide

From these five categories of chemical composition indicators, one indicator is selected from each
category for subsequent sample clustering analysis. In this study, the chosen indicators are 1, 14, 9,
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7, and 3. Using these five chemical composition indicators, a Q-type clustering analysis is conducted
on the 10 samples of high-potassium unweathered artifacts.

Initially, The proportion data of the chemical composition for each sample is standardized. The
similarity between samples is measured using the Euclidean distance, while the distance between
clusters is calculated using the class average method. A clustering dendrogram is generated by
MATLAB, as depicted in Figure 2.
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Figure 2. Dendrogram of Clustering Analysis for High-Potassium Unweathered Samples

Given the limited number of samples (only 10), the high-potassium unweathered glass is divided
into three subclasses in this study. The classification of high-potassium unweathered artifacts is
presented in Table 3:

Table 3. Clustering Results of High-Potassium Unweathered Artifacts

R-Clustering Indicator Chosen Q-Clustering (Sample 1Ds)
Class 1 1. Silica dioxide Class 1 03. 21
Class 2 3.Sodium oxide X
Class 3 7.Magnesium oxide Class 2 01. 04. 05. 06. 13. 16. 18
Class 4 9.Copper oxide
Class 5 14. Barium oxide Class 3 14

Based on the clustering results of the high-potassium unweathered artifacts, the chemical
composition indicators for each subclass are organized in Table 4. According to Table 4, it can be
observed that the samples within each subclass exhibit small differences in the content of each
chemical composition indicator, indicating high similarity. Therefore, the classification results can
be considered reasonable.

Table 4. Chemical Composition Indicator Content for Each Subclass of Samples

Category ID Si02 K20 Fe203 PbO S02
Classl 03 74.38 8.78 2.16 0.83 0
21 76.68 0 2.37 1 0

01 69.33 9.99 1.74 0 0.39

04 65.88 9.67 2.06 0 0.36

05 61.58 10.95 2.62 0 0.47

Class2 06 63.73 10.31 2.34 0 0.415
13 59.01 12.53 2.88 0 0
16 65.18 14.52 0.42 0.11 0
18 79.46 9.42 0 0 0
Class3 14 62.47 12.28 0.5 1.62 0
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4. Conclusion

The R-Q clustering model was used for composition analysis and subclassification of ancient glass
artifacts. By selecting appropriate chemical composition indicators using R-type clustering, the high-
potassium unweathered glass was further classified into three subclasses using Q-type clustering. The
final classification results were validated for their reasonability, demonstrating the robustness of the
R-Q clustering model [13]. The next step is to add more data to refine our model so that it can be used
to classify other chemical composition types of glass. Based on the model in this paper, we can
continue to study the prediction model to predict the category of glass based on its chemical
composition in the future. In view of the increasing amount of data, we also need to consider the
efficiency and accuracy of the model, so that the model can quickly produce better classification
results even if the input data is large.
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