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Abstract. This paper establishes a mathematical model based on the existing data of glass types, 
summarizes the classification rules of high potassium glass and lead-barium glass, and selects the 
appropriate chemical composition and subclasses for high potassium glass and lead-barium glass. 
And based on the classification law, the chemical composition data of the unknown category of glass 
artifacts are used to identify the type to which they belong. 
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1. Introduction 

At present, with the in-depth promotion of heritage conservation work, the restoration of cultural 

relics has gradually become a social consensus, and plays an important role in cultural heritage and 

national development. Among them, cultural relics represented by ancient glass are highly susceptible 

to environmental and other factors that interfere with subsequent conservation work such as category 

definition. Therefore, by establishing a reasonable mathematical model to clarify the impact factors 

of cultural relics conservation and the interrelationship between the factors by scientific means, it is 

conducive to meeting the cultural needs of the masses and promoting the long-term development of 

cultural relics conservation. 

2. Glass classification model building and solving 

2.1. Analysis of the classification law of high potassium glass and lead-barium glass  

Firstly, based on the analysis of the data of decoration, color and chemical content, the t-test was 

used to find out the factors that have a significant influence on the classification of glass, and further 

clarify the content of the role of these factors on the classification of glass, and finally get the law of 

glass classification. The results are shown in the figure 1. 

 

Figure 1. Flow chart of classification law of high potassium glass and lead-barium glass 

(1) The influence of decoration and color on glass classification 

First, we discussed the ornamentation and color, and the data were filtered by Excel to obtain the 

following table (Table 1), which shows the statistical frequency of the categories: 
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Table 1. Ornamentation, color frequency table 
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The t-test for ornamentation and color respectively yielded, 

Table 2. Test analysis results 

 
Type (mean ± standard deviation) 

t p 
Lead Barium (𝑛=40) High Potassium (𝑛=18) 

Decoration 2.20±0.99 2.00±0.84 0.792 0.433 

Color 3.33±2.06 5.50±2.23 -3.550 0.001** 

 

From Tables 2, it can be seen that: different types of samples do not show significance (p>0.05) 

for ornamentation total 1 item, which means that different types of samples show consistency for 

ornamentation all, and there is no difference. In addition, the type samples showed significance 

(p<0.05) for the total 1 item of color, which means that the different types of samples have differences 

for color. The specific analysis shows that the type shows a 0.01 level of significance for color (t=-

3.550, p=0.001), and the specific comparison of differences shows that the mean value of lead barium 

(3.33) is significantly lower than the mean value of high potassium (5.50). 

(2)The influence of chemical composition on glass classification 

Second, using t-tests, each chemical composition was analyzed to investigate whether there was a 

significant difference between the two glass types at each chemical composition. Also weathering 

was not considered, only the glass type was considered. 

The confidence interval was set at 0.95, and if p<0.05, the difference between different types of 

glass in this composition is significant, and the classification law of high potassium glass and lead-

barium glass can be obtained by comparing the mean value of this chemical composition in both types 

of glass; conversely, there is no significant difference between different types of glass in this 

composition, and the change of composition has no effect on glass classification. 

Taking 𝑆𝑖𝑂2 as an example, an independent sample t-test using SPSS yields. 

Table 3. 𝑆𝑖𝑂2 Independent sample test results 

 𝐹 Significance 𝑡 
Degree of 

freedom 

Significance 

(two-tailed) 

Mean 

Difference 

Standard 

error 

value 

Assuming 

equal 

variance 

.358 .553 
-

7.436 
42 .000 -39.95481 5.37341 

Not 

assuming 

equal 

variance 

  
-

7.919 
29.901 .000 -39.95481 5.04542 

 

As shown in Tables 3, p=0.000<0.05, 𝑆𝑖𝑂2 has a significant effect on the classification of glass 

types. Meanwhile, the mean value of lead-barium glass is 39.47, which is significantly lower than the 

mean value of high potassium glass (83.68). Therefore, the 𝑆𝑖𝑂2 composition of lead-barium glass 

is low and the composition of high-potassium glass is high. 
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The remaining 13 chemical compositions can be determined by t-test synoptically to determine 

whether they are significantly different from the glass types, and if significantly different, the glass 

types with higher composition mean values are compared, and the results are as follows in table 4: 

Table 4. Table of variability of each chemical composition 

 ingredients 
whether there is a significant 

difference 

Type with higher 

means 

1 𝑆𝑖𝑂2 Yes (p=0.000) High potassium 

2 𝑁𝑎2𝑂 No (p=0.483) — 

3 𝐾2𝑂 Yes (p=0.000) High potassium 

4 𝐶𝑎𝑂 Yes (p=0.004) High potassium 

5 𝑀𝑔𝑂 No (p=0.570) — 

6 𝐴𝑙2𝑂3 No (p=0.156) — 

7 𝐹𝑒2𝑂3 No (p=0.015) High potassium 

8 𝐶𝑢𝑂 No (p=0.588) — 

9 𝑃𝑏𝑂 Yes (p=0.000) Lead barium 

10 𝐵𝑎𝑂 Yes (p=0.000) Lead barium 

11 𝑃2𝑂5 Yes (p=0.016) Lead barium 

12 𝑆𝑟𝑂 Yes (p=0.000) Lead barium 

13 𝑆𝑛𝑂2 No (p=0.253) — 

14 𝑆𝑂2 No (p=0.329) — 

 

In summary, the chemical components that affect the classification of glass are 𝑆𝑖𝑂2、𝐾2𝑂、

𝐶𝑎𝑂、𝐹𝑒2𝑂3、𝑃𝑏𝑂、𝐵𝑎𝑂、𝑃2𝑂5 and 𝑆𝑟𝑂.Glass composition 𝐾2𝑂、𝐶𝑎𝑂、𝐹𝑒2𝑂3 Higher than 

lead barium glass;𝑃𝑏𝑂、𝐵𝑎𝑂、𝑃2𝑂5、𝑆𝑟𝑂 Lower than lead barium glass. 

2.2. Subdivision of two types of glass 

The chemical composition of high-potassium glass and lead-barium glass was subdivided, and 

some chemical components with more missing values and the above classification of glass were 

screened out, and fuzzy cluster analysis was used to obtain a pedigree chart. 

(1) High potassium glass 

Use 𝑖 = 1,2, ⋯ ,9 to represent nine chemical componentsⅠ、Ⅱ、Ⅲ、Ⅳ、Ⅴ、Ⅵ、Ⅶ、Ⅷ、
Ⅸ;use 𝑥𝑗(𝑗 = 1,2,3 ⋯ 56) to represents the 56 valid indicator variables in Table 2;The value of the 

𝑗 indicator variable of the 𝑖 chemical component unit is denoted as 𝑎𝑖𝑗, then the Manhattan distance 

between the 𝑖 and 𝑗 chemical component units is: 

𝑑𝑖𝑗 = ∑ |𝑎𝑖𝑘 − 𝑎𝑗𝑘|4
𝑘=1                                          (1) 

Take the similarity factor: 

𝑟𝑖𝑗 = 1 − 0.1𝑑𝑖𝑗                                             (2) 

This then yields the F similarity matrix.transitive closure is obtained by the flat method, that is, 

the equivalence matrix found.Plot the high-potassium glass lineage diagram with SPSS as follows: 
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Figure 2. Cluster lineage of chemical components of high-potassium glass 

From Figure 2, high-potassium glass can be divided into 𝑆𝑖𝑂2-type high-potassium glass and 

other chemical composition high-potassium glass according to chemical composition. 

(2) Lead barium glass 

The subclassification process of lead-barium glass is similar to that of high-potassium glass, using 

fuzzy clustering, and the lineage chart is drawn as figure 3: 

 

Figure 3. Lineage diagram of chemical composition of lead-barium glass 

If divided into two categories, 𝑆𝑖𝑂2 become a separate category, other chemical components are 

the second category, lead barium glass can be subdivided into 𝑆𝑖𝑂2 type lead barium glass and other 

chemical composition type lead barium glass; If it is divided into three categories, 𝑆𝑖𝑂2is a class, 

𝑃𝑏𝑂 is the second category, other chemical components are the third category, lead barium glass can 

be subdivided into 𝑆𝑖𝑂2 type lead barium glass and other chemical composition type lead barium 

glass. The greater the distance between the two red lines, the greater the change in the middle distance 

of their classes, and the better their clustering effect. 
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3. Identification of glass artifacts of unknown composition 

3.1. Identify the type of unknown artifact 

Firstly, the data of the detected glass is cleaned, the correlation coefficient between each two 

chemical components is calculated by the CORREL function, and the correlation coefficient matrix 

and correlation coefficient heat map are obtained after correlation screening, and in order to ensure 

the accuracy of the data, the chemical composition column data of correlation r≥0.8 is temporarily 

ignored, that is, 𝑆𝑖𝑂2. 
After that, a 0-1 variable is introduced to data encode the glass type, setting high potassium to 0 

and lead barium to 1. Binary Logit regression analysis was performed using 14 chemical components 

as independent variables and glass type as dependent variables. The results are shown in the table 5.                                    

Table 5. Likelihood ratio test results of binary Logit regression model 

model -2x log-likelihood chi-square value 𝑑𝑓 𝑝  𝐴𝐼𝐶 value 𝐵𝐼𝐶 value 

Intercept only 83.079       

Final model 0.000 83.079 14 0.000  30.000 63.512 

 

From Table 5, it can be seen that the original assumption of the model test here H_0 the quality of 

the model is the same when the independent variables are put in. The results show that the p-value is 

less than 0.05, rejecting the original assumption that the independent variables put in this model are 

valid, and the model construction is meaningful. 

Table 6. R side analysis table 

Dependent variable 𝑀𝑐𝐹𝑎𝑑𝑑𝑒𝑛  𝑅2 𝐶𝑜𝑥 & 𝑆𝑛𝑒𝑙𝑙  𝑅2 𝑁𝑎𝑔𝑒𝑙𝑘𝑒𝑟𝑘𝑒  𝑅2 

type 1.000 0.700 1.000 

 

From Table 6, it is reasonable to take each chemical composition as the independent variable and 

the type as the dependent variable, that is, the glass type can be reflected by the chemical composition 

content. As can be seen from the table above, the model formula is: 

𝑙𝑛( 𝑝/1 − 𝑝) = −27.889 + 0.086 ∗ 𝑆𝑖𝑂2 − 1.303 ∗ 𝑁𝑎2𝑂 − 0.132 ∗ 𝐾2𝑂 − 0.542 ∗ 𝐶𝑎𝑂
+2.950 ∗ 𝑀𝑔𝑂 + 1.049 ∗ 𝐴𝑙2𝑂3 + 0.886 ∗ 𝐹𝑒2𝑂3 − 2.877 ∗ 𝐶𝑢𝑂 + 1.642 ∗

𝑃𝑏𝑂 + 2.543 ∗ 𝐵𝑎𝑂 − 2.770 ∗ 𝑃2𝑂5 + 2.382 ∗ 𝑆𝑟𝑂 − 5.328 ∗ 𝑆𝑛𝑂2 − 1.122 ∗ 𝑆𝑂2

   (3) 

Bringing chemical composition data into the model predicts its type, and the prediction results are 

shown in Table 7: 

Table 7. Table of prediction results 

Artifact number Surface weathering intercept 𝑙𝑛(𝑝/1 − 𝑝) type 

A1 No weathering -21.89 -12.97 High potassium 

A2 weathering -21.89 -3.541 High potassium 

A3 No weathering -21.89 58.628 Lead barium 

A4 No weathering -21.89 31.218 Lead barium 

A5 weathering -21.89 22.367 Lead barium 

A6 weathering -21.89 -17.51 High potassium 

A7 weathering -21.89 -13.14 High potassium 

A8 No weathering -21.89 16.169 Lead barium 
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From Table 7, the inspection results of glass cultural relics of unknown categories are A1, A2, A6, 

and A7 are high-potassium glass, and the rest of the cultural relics are lead barium glass. The model 

results are shown in Figure 4: 

 

Figure 4. Binary Logit regression results 

The OR value is chosen to reflect the strength of the correlation between the chemical composition 

and the glass type: 

𝑝(𝑦 = 1) =
𝑒𝑧

(1+𝑒𝑧)

𝑝(𝑦 = 0) =
1

(1+𝑒𝑧)

                                              (4) 

3.2. Sensitivity Analysis 

To further test the sensitivity of the model, 1/20 of the mean is set to the random perturbation term, 

that is, the random deviation 𝜀 = 1/20 ∗ 𝑋̅  

Averaging each chemical component gives random deviations, as shown in Table 8: 

Table 8. Table of random deviations of chemical composition 

chemical composition 𝑆𝑖𝑂2 𝑁𝑎2𝑂 𝐾2𝑂 𝐶𝑎𝑂 𝑀𝑔𝑂 𝐴𝑙2𝑂3 𝐹𝑒2𝑂3 

mean 60.38 0.15 0.64 3.51 0.78 5.13 2.12 

Random deviation 3.02 0.01 0.03 0.18 0.04 0.26 0.11 

chemical composition 𝐶𝑢𝑂 𝑃𝑏𝑂 𝐵𝑎𝑂 𝑃2𝑂5 𝑆𝑟𝑂 𝑆𝑛𝑂2 𝑆𝑂2 

mean 56.90 0.19 0.63 1.55 0.63 4.84 1.43 

Random deviation 2.84 0.01 0.03 0.08 0.03 0.24 0.07 

 

The random disturbance terms of each element in Table 5-17 are added to the chemical 

composition content to calculate whether there is a deviation of the glass type, that is, whether the 

random disturbance term affects its accuracy after adding the random disturbance term to test its 

sensitivity. 

The chemical content of each element after adding the random perturbation term is substituted into 

the model after adding the random perturbation term, and the feedback results are shown in Table 5-

18: 
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Table 9. Feedback results 

Artifact number Surface weathering intercept 𝑙𝑛(𝑝/1 − 𝑝) type 

A1 No weathering -21.889 -11.20 High potassium 

A2 weathering -21.889 -1.77 High potassium 

A3 No weathering -21.889 60.40 Lead barium 

A4 No weathering -21.889 32.99 Lead barium 

A5 weathering -21.889 24.13 Lead barium 

A6 weathering -21.889 -15.74 High potassium 

A7 weathering -21.889 -11.38 High potassium 

A8 No weathering -21.889 17.94 Lead barium 

 

Comparing this result with the results of Table 9, it can be seen that adding random perturbation 

terms has no effect on the test results of glass type, that is, the model sensitivity is low and the model 

robustness is high. 

4. Conclusions 

Firstly, the t-test is used to study the decoration, color and various chemical components of the 

two glasses, and it is concluded that the factors that have a significant influence on the classification 

type are chemical composition. Secondly, fuzzy clustering is used to divide the two kinds of glass, 

and the high potassium glass can be further divided into two categories according to the chemical 

composition. Lead barium glass can be divided into two or three categories, in line with the law of 

the composition required for glass production, that is, the model is reasonable. Finally, the sensitivity 

of the model is detected by comparing the clustering results under the square Euclidean distance and 

Euclidean distance algorithms, respectively. 

Based on the attached data, this paper establishes a category discrimination model to identify 

cultural relics of unknown categories. Firstly, the correlation coefficient between each chemical 

component is calculated by Correl, and the data is cleaned according to the correlation, and the 

correlation coefficient matrix and correlation coefficient heat map are established. Secondly, 0-1 

variables were introduced to code the glass type, 14 chemical components were used as independent 

variables, and the glass type was used as the dependent variable for binary Logit regression analysis, 

and the ln(p/1-p) type discriminant model was constructed, and A1, A2, A6, and A7 were detected as 

high-potassium glass, and the rest of the cultural relics were lead-barium glass. Finally, by setting 

random perturbation terms to test the sensitivity of the model, when the chemical composition content 

parameters in the model change by 1/20 ∗ 𝑋̅, the accuracy is still 99.9%, and the model is robust. 
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