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Abstract: High-potassium glass and lead-barium glass were two kinds of glass commonly 

used in ancient China. However, due to their susceptibility to weathering in the process of 

burial, their chemical composition content has changed, so it is necessary to explore and 

analyze. We first deleted the invalid data, and used Excel to make statistics on each 

decoration, type and color. Then we found that lead-barium glass was more likely to be 

weathered. Without considering the number of samples, B decoration was more likely to 

be weathered, and the relationship between color and weathering was not strong. Finally, 

under the condition of fixed glass types, Excel was used to calculate and visualize the 

chemical content changes of the main components before and after weathering. At the 

same time, tables were listed according to the obtained statistical rules, and the chemical 

composition content before and after weathering was compared to predict the chemical 

composition content before and after weathering. 

1. Introduction 

Also is the ancient glass, buried in different regions, raw materials, process, conditions and so on 

many factors, its main component will have a huge difference, how to use certain known conditions 

and the limited sample testing data to establish a reliable model, analysis and identification of the 

unknown glass has very important meaning and value. 

In this paper, we first need to obtain the relationship between the surface weathering of glass 

relics and their glass types, ornamentations and colors through statistical processing of known data. 

Second, taking high potassium and lead-barium glass as the first classification factor, and surface 

weathering as the second classification factor, the relationship between weathering and chemical 

composition content was analyzed according to the proportion of the corresponding main 

components in the test samples given in the known data. Finally, according to the obtained 

relationship and weathering point detection data, the chemical composition content before 

weathering was predicted[1]. 

2. Data preprocessing 

Firstly, Excel was used to process the known data: screening and classifying according to the 
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decoration, glass type, color and surface weathering, and counting the number and proportion of 

samples. Three cluster bar graphs were established to directly reflect the relationship in the first 

requirement, which was convenient for analysis[2]. 

Since the cultural relics sampling points of known data are random samples on the surface of 

corresponding numbered cultural relics in known data, the remaining 67 groups of valid sample 

data can be divided into four categories for analysis by weathering conditions and glass types: 

high-potassium glass not weathered, high-potassium glass weathered, lead-barium glass not 

weathered, and lead-barium glass weathered[3].The second requirement can be met according to the 

differences in the proportions of each component in different categories. Based on the above 

analysis, it can be concluded that the typical multi-component components such as silica and lead 

oxide of glass cultural relics samples are significantly different before and after weathering. 

Therefore, the chemical composition content before weathering can be predicted based on this rule 

and the data detected at weathering points. The relationship between weathering and other variables 

is shown in Figure 1. 

 

Figure 1: Relationship between weathering and other variables 

According to the above analysis, after statistical and comprehensive analysis of the data, it is 

easy to obtain the tufted bar chart that reflects the relationship between surface weathering of glass 

cultural relics and their glass types, ornamentations and colors, respectively, as shown in Figure 

2[4]. 

 

Figure 2: Statistical chart of surface weathering and glass types of glass cultural relics 
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According to the simple formula, it can be calculated as follows: 

100%
q

F
m

                            (1) 

F  is the weathering rate, q representing the number of weathered glass relics in each category, 

m representing the total number of glass relics.  

Figure 2 shows that among 58 glass relics, the weathering rate of high-potassium glass is 

33.4%.The weathering rate of lead-barium glass is 70.0%, which is much higher than that of 

high-potassium glass relics. Lead-barium glass is more likely to be weathered, while 

high-potassium glass is not[5].  

 

Figure 3: Statistical chart of surface weathering and ornamentation of glass cultural relics 

Figure 3 shows that among 58 glass relics, the weathering rate of A decoration sample is 50.0%, 

and there is no obvious inevitable relationship between A decoration and weathering. All 6 samples 

of B decoration are weathered, so it can be considered that B decoration is easy to cause glass 

weathering without considering the number of samples and the reliability of the test structure. The 

weathering rate of C decoration was 56.7% in 30 samples. It can be speculated that C decoration 

may be conducive to weathering, but the effect is not as significant as B decoration. In contrast, it 

can be considered that glass relics with ornamentation A and C are not easily weathered [6]. 

 

Figure 4: Surface weathering and surface color statistics of glass relics 

It can be seen from Figure 4 that among the collected glass cultural relics, dark green, blue-green 

and light blue samples accounted for more, and the number of weathered samples was higher than 

that of unweathered ones. The weathering rates were dark green: 57.1%;Blue-green: 60.0%;Light 

blue: 60.0%;The samples with light green, purple and black colors accounted for less of the total 

samples, and there was no significant difference in weathering[7]. Therefore, we can think that the 

color of glass relics was near the transition range from green to blue, and its surface weathering 
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degree was higher. In this problem, the color can be seen as a glass, coating material elements of 

cultural relics and environmental elements such as a characteristic of many factor combined action 

result, as to what color corresponds to the surface of the cultural relics of the weathering rate is 

highest, and the more light green, purple, black, or color effect still need more sample size and 

quantity to determine, so this article will not get this problem. 

3. Composition and content analysis 

To analyze the relationship between surface weathering and composition content of glass cultural 

relics samples, firstly, samples in the known data are divided into four groups by comprehensively 

considering the type and whether the glass is weathered. The groups and sample sizes are shown in 

Table 1[8]. 

Table 1: A grouping of glass types and weathering conditions 

Set no. group Sample size (group) 

1. No weathering of lead-barium glass 23 

2. Lead-barium glass weathering 26 

3. High potassium glass has no weathering 12 

4. High potassium glass weathering 6 

Because each group contains more samples and data, we first calculated the average and variance 

of the chemical composition content of each group to extract representative data of each category. 





n

jXSUM
1i

j                              (2) 

SUMj is the algebraic sum of the JTH chemical composition proportion of n groups of samples 

in the current class. 

jj
n

1
SUMA                                  (3) 

Aj is the arithmetic average proportion of the JTH chemical component of the total n groups of 

samples in the current class. 
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Sj  is the standard deviation value of the JTH chemical component of the total n group samples 

of the current class[9]. 

Table 2: Differences in the mean values of each content between weathered and unweathered 

glasses 
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According to the content of the main components involved, we divided them into many elements 

and few elements (different from the large elements and trace elements in chemical terms). For 

example, silicon dioxide and lead oxide in Table 2 are typical of many elements, and those with less 

than 5% are typical of few elements. 

By calculation, as shown in Table 2 above, comparing group ① with group ②, it is easy to find 

that for lead-barium glass, the content of silica in weathered samples is significantly reduced, with 

an average reduction of about 30.88 percentage points, and the content of lead oxide is also 

significantly increased, with an average increase of about 22.33 percentage points.For 

high-potassium glass, the content of silica in the samples after weathering increased significantly, 

with an average increase of about 25.98 percentage points. However, different from lead-barium 

glass, lead oxide is a small element in high-potassium glass, and its content is not significantly 

different before and after weathering, and is almost zero.In addition, the content of potassium oxide 

decreased significantly after weathering, with an average value of 8.79 percentage points[10]. 

It is worth noting that the main elements of lead-barium glass increased and decreased after 

weathering, while the content of other elements in high-potassium glass decreased except for silica. 

Next, the values were statistically analyzed and the compound scatter plots of chemical 

composition contents corresponding to the following four groups were drawn, and the images of the 

two groups of chemical compositions with significant changes were analyzed. 

 

Figure 5: Comparison of SiO before and after weathering in groups ① and ② of lead-barium 

glass2Content of the figure 

Figure 5 shows the comparison of silica content before and after weathering of lead-barium glass. 

It is obvious that silica content decreased significantly. The silica content before weathering is about 

50% to 70%, and the silica content after weathering is about 10% to 30%, showing obvious effect. 

 

Figure 6: PbO content of PB-barium glass before and after weathering compared with group ① 

and group ② 
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Figure 6 shows that the content of lead oxide increased significantly after weathering of 

lead-barium glass. The concentration of lead dioxide in lead-barium glass before and after 

weathering is obviously concentrated, and the typical statistical law of chemical composition 

content and weathering condition of lead-barium glass can be more intuitively reflected when 

combined with Figure 8. 

 

Figure 7: Comparison of SiO2 content of lead-barium glass before and after weathering in groups 

③ and ④ 

Figure 7 shows that the silica content of high-potassium glass increases significantly after 

weathering, and the distribution is concentrated. Although the samples are small, we can still see 

that there is a significant difference between before and after weathering. The pre-weathering 

content is about 90%-100%, and the post-weathering content is mainly in the region of 60%-80%. 

 

Figure 8: PbO content of PB-barium glass before and after weathering compared with groups ③ 

and ④ 

Figure 8 shows that the content of PBO in high-potassium glass decreases significantly after 

weathering, and the content of PBO in six weathered samples decreases to 0. Compared with Figure 

7, the typical statistical law of chemical composition content and weathering status of 
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high-potassium glass samples can also be more intuitively reflected. 

4. Pre-weathering content prediction 

Next, we predicted the chemical composition content before weathering according to the 

detection data of weathering points. Therefore, on the basis of the above problems, we used data 

statistical analysis method to calculate the average content of main chemical components for 

lead-barium glass and high-potassium glass under different wind conditions, and then calculated the 

variation amount of each component one by one through the changes of unweathered and weathered 

contents in the same glass cultural relics. The results are shown in Table 3. 

Table 3: Prediction model of chemical composition content before weathering based on statistical 

analysis 

 
When the data of weathering samples are known, the pre-weathering chemical content can be 

predicted by comparing the red and blue parts of FIG. 8. Among them, X1 to X14 correspond to the 

contents of 14 chemical components involved in the weathered samples respectively, and the 

prediction can be achieved by looking up the table.In addition to the difference in average content, 

the accuracy of the prediction can be judged by the standard deviation of the known content mean 

of different weathering states. The effect of weathering on the small amount of elements in 

potassium glass is far less than that of the large amount of elements, which is consistent with the 

prediction results obtained in this question. 

5. Conclusion  

High-potassium glass and lead-barium glass were two types of glass commonly used in ancient 

China.However, due to their susceptibility to weathering in the process of burial, their chemical 

composition content changed, so it is necessary to explore and analyze.We first deleted the invalid 

data, and used Excel to make statistics on each decoration, type and color. Then we found that 

lead-barium glass was more likely to be weathered. Without considering the number of samples, B 

decoration was more likely to be weathered, and the relationship between color and weathering was 

not strong.Finally, under the condition of fixed glass types, Excel was used to calculate and 

visualize the chemical content changes of the main components before and after weathering.At the 

same time, tables were listed according to the obtained statistical rules, and the chemical 

composition content before and after weathering was compared to predict the chemical composition 

content before and after weathering.  
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