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Abstract. This paper focuses on the composition analysis and type identification of ancient glass 
objects. The correlation between the weathering of the surface of glass artifacts and its type, color 
and decoration is obtained by establishing a chi-square test model based on the characteristics of 
fixed class variables. After that, the prediction model was established based on the weighted average 
method according to the characteristics of the data, and the predicted value of each chemical 
composition before weathering was solved. 
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1. Introduction 

The Silk Road was an important channel for trade and commerce between the East and West in 

ancient times, and an important link for cultural exchanges between the East and West [1]. With the 

prosperity of the ancient Silk Road, the material and cultural exchanges between China and Central 

Asia, West Asia and even the Egyptian region continued to be close, promoting the continuous 

development of commerce, transportation and handicrafts along the road, and playing an important 

role in the development of ancient civilization and history [2]. 

There is a batch of data related to ancient glass products in China, and archaeologists have 

conducted chemical composition analysis of the samples and classified them into two types [3]: high-

potassium glass and lead-barium glass. In addition, basic data have been collected to record the basic 

information of glass artifacts, the proportion of chemical composition of classified glass artifacts and 

the proportion of chemical composition of unclassified glass artifacts, respectively [4]. A 

mathematical model was developed to analyze the relationship between the weathering of the surface 

of glass artifacts and their glass type, decoration and color; the statistical pattern of the chemical 

composition content with and without weathering on the surface of the artifact samples was analyzed, 

and on this basis, the chemical composition content of the relevant glass artifacts before weathering 

was predicted. 

2. Model assumptions and notation 

2.1. Assumptions [5]  

1. Assume that each variable in the sample conforms to a normal distribution 

2. Assume that all data measurements are true and valid, without considering the effects of human 

error 

3. It is assumed that the small amount of data is also representative 

4. the significance level in this paper is 0.05. 

2.2. Notations 

Important notations used in this paper are listed in Table 1. 
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Table 1. Notations 

Symbols Meaning 

xi1 The decoration of the i-th sample 

xi2 Type of sample i 

xi3 Color of sample i 

xi4 Surface weathering of sample i 

yij 𝑗 =  1, 2, . . . , 14 Chemical composition of sample i 

wij Weighting weights of sample i 

m Number of clusters in the clustering model 

3. Model construction and solving 

3.1. Analysis of the relationship between factors on the surface of glass artifacts 

3.1.1 Chi-square Test -based assessment modeling 

In order to further analyze the relationship between surface weathering and glass type, decoration 

and color, a chi-square model was developed to assess the significance of the relationship between 

surface weathering and other factors [6-8]. 

3.1.2 Solution of chi-square value 

According to the basic definition of the chi-square distribution [9], it can obtain the formula for 

calculating the chi-square value as. 

𝜒2 = ∑
(𝑜𝑖−𝑒𝑖)2

𝑒𝑖
                                         (1) 

In support of the null hypothesis, we consider that all variables xi satisfy independent distribution 

and do not have significant correlation with the variable x4. 

On this basis, the probability of all values of xi is theoretically equal. Under the condition of 

independent distribution, the probability of occurrence of all three values is 1/3, so the expectation 

value of the number of occurrences of A, B and C is 58/3, and under this condition, there is no 

correlation between the variables x1 and x4. 

Therefore, the expected value of e1 in Eq. is 29/3. By continuing with the observed values of the 

number of occurrences of each value of the variables x1 and x4, it can obtain 

The chi-square values of the ornamental variables are obtained. 

The results of the chi-square test for each variable are shown in Table 2. 

Table 2. Chi-square test on ornamentation, type and color of artifact samples 

 X2 Numerical value 

Ornament 5.72 0.057 

Type 3.861 0.049 

Color 7.011 0.428 

 

From the above table, it can be seen that there is a significant correlation between the surface 

weathering of artifact samples and artifact decoration and color, and there is no significant correlation 

with glass type. 

3.2. Statistical law analysis on chemical composition 

On the premise that the correlation between the weathering on the surface of the samples and the 

decoration, glass type and color of the artifacts has been obtained by the chi-square test, in order to 

further obtain the statistical pattern of the chemical composition content of the samples with or 

without weathering for a certain type of glass, the 67 sets of data were divided into 4 categories, 
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namely g1 high potassium weathered glass, g2 high potassium unweathered glass, g3 lead-barium 

weathered glass, g4 lead-barium unweathered glass, and the characteristics of the chemical 

composition content within each category were obtained by means of averaging, and the results are 

shown in Table 3 below. 

Table 3. Mean values of chemical composition for each type of glass sample 
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The highest content of silica (SiO2) in the high potassium weathered glass was 93.96%, while the 

lowest content of silica (SiO2) in the lead-barium weathered glass was only 27.73%. At the same 

time, the four types of glass samples also showed significant characteristics in terms of various 

chemical compositions such as potassium oxide (K2O) and calcium oxide (CaO). 

In order to further analyze the patterns existing behind the data, the variability of specific variables 

in each type of glass samples was visualized and statistically summarized. 

 

Figure 1. The relationship between glass type and weathering degree 

 

Figure 2. The relationship between ornamentation andthe degree of weathering 
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Figure 3. The relationship between color and weathering degree 

As shown in Figure 1 above, the number of weathered lead-barium glass samples far exceeds the 

number of unweathered lead-barium glass samples, while high potassium glass shows the opposite 

characteristics. Therefore, lead-barium glass has a higher probability of weathering compared to high-

potassium glass. 

As shown in Figure 2 above, all of the glass samples with motif B have been surface weathered, 

while the number of glass samples with motif A or C is about half of the overall number. Therefore, 

we can conclude that the samples with motif B are more susceptible to weathering, while motifs A or 

C do not have a significant effect on surface weathering. 

As shown in Figure 3 above, comparing the number of samples with surface weathering within 

each sample color, it can be concluded that dark blue and green glass samples may be less susceptible 

to weathering. 

3.3. Prediction of chemical composition content before weathering 

Among the samples of artifacts, there were large differences in chemical composition content 

before and after weathering, as shown in Figure 4 below.  

 

Figure 4. Comparison of chemical composition content of glass samples before and after 

weathering 

Therefore, to improve the prediction accuracy of the chemical content of the samples before 

weathering, we add a weight to each chemical composition variable and derive its total weighted 

average value on this basis [10]. 

It is assumed that the weighted average of each item of the sample after weathering is vi
′ and before 

weathering is vi. 

𝑣𝑖 =
∑ 𝑤𝑖𝑦𝑖

14
𝑖=1

∑ 𝑤𝑖
14
𝑖=1

                                              (2) 

𝑣𝑖 =
∑ 𝑤𝑖𝑦𝑖

14
𝑖=1

∑ 𝑤𝑖
14
𝑖=1

                                             (3) 

The ratio r of the two is 

𝑟𝑖 =
𝑣𝑖

𝑣𝑖′
                                                (4) 
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On this basis, the predicted values of the chemical composition of different artifact samples before 

weathering were obtained by programming in Python, and the results are shown in Table 4 below. 

Table 4. On the prediction of chemical content of artifact samples before weathering 

Glass Type 
Artifact 

Number 

Silicon 

Dioxide 

Sodium 

oxide 

Potassium 

oxide 

Calcium 

oxide 

Magnesium 

oxide 
· · · 

Sulfur 

Dioxide 

High 

Potassium 
7 66.4367 0.8834 9.02317 5.9345 0.85733  0.122 

High 

Potassium 
7 68.8267 0.834 9.61317 5.4845 0.85733  0.122 

4. Conclusion 

In this paper, based on the mechanism of the occurrence of surface weathering of glass samples, 

the type and appearance of glass artifacts may directly determine their surface weathering. Meanwhile, 

based on the available data, the analysis of the statistical pattern of the chemical content of artifact 

samples with and without weathering can help predict the chemical content of the samples before 

weathering. Combining the known data, the surface weathering of glass artifacts may be related to 

glass type, decoration, and color. Among them, the types of glass artifacts are high potassium as well 

as lead-barium, the decorations are A, B, and C, the colors are mainly composed of blue-green, light 

blue, light green, dark blue, dark green, and purple, and the surface weathering is weathered or 

unweathered. Considering that all the above four variables belong to definite class variables, a model 

based on chi-square distribution can be established to assess the relationship between the surface 

weathering of glass artifact samples and their glass type, decoration and color. On this basis, 

combining the data, different glass artifacts differ in their chemical composition and proportions, and 

based on the artifact number, a link can be established between the data and thus the glass type can 

be added to the study of the pattern of chemical composition content. Considering the variability of 

chemical composition data of different types of artifact samples, we chose to use the average method 

to summarize the overall characteristics of the samples under the same classification, and through the 

form of tables and histograms to visualize the statistical laws. At the same time, based on the study 

of the statistical law, the chemical composition content of each cultural relic sample was weighted 

and averaged, and the ratio of the weighted average to the general average was obtained by the 

proportion method, based on which the prediction of the chemical composition content before 

weathering was established by Python. 
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