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Abstract. A large exchange of material elements occurs during glass weathering, which will affect 
the identification and judgment of ancient glass. To this end, the data is first used to give the basis 
for dividing lead barium and high potassium glass, and the difference between the chemical 
components of each type of glass can be compared to obtain a conclusion. Since the final number 
of subclasses is unknown, this paper uses systematic cluster analysis to obtain the number of 
subclasses and classification results at the same time. In order to identify the glass types of unknown 
cultural relics, this paper uses the existing data to establish a random forest model and construct a 
method and standard for dividing glass types. 
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1. Introduction 

Glass is an important item in the early Sino-foreign trade exchanges, China's ancient glass 

combined with foreign technology and local materials, developed a unique chemical composition. 

The main raw material of glass is quartz sand, and the main chemical composition is SiO2 [1-2]. 

Considering the high melting point of SiO2, fluxes and stabilizers need to be added during the refining 

process. Most of the stabilizers are limestone (the main component is CaCO3). Flux is roughly 

divided into two categories, one is lead ore (the main component is lead oxide (PbO), barium oxide 

(BaO)), forming lead barium glass often found in Chu culture areas of China [3-4]. The other type 

uses high potassium substances such as grass ash (the main component is potassium carbonate 

(K2CO3)) to form potassium glass that often appears in Lingnan and Southeast Asia in China [5-6]. 

Modern mining and research have found that ancient glass is affected by the buried environment 

and weathering to varying degrees. A large exchange of material elements occurs during the 

weathering process, which will affect the identification and judgment of ancient glass [7-8]. Therefore, 

it is necessary to use the existing ingredient test data for analysis and inference. In general, the sum 

of the ingredients should be 100% [9-10]. 

2. Establishment and solution of glass classification model 

2.1. Classification law: Random forests are used to assess the importance of features 

According to the known data, the chemical composition data of high-potassium glass and lead-

barium glass are compared one by one. A simple observation reveals that the lead oxide (PbO) content 

is the key basis for the division. In this composition data, the average value of high-potassium glass 

is 0.274, which is much smaller than that of lead-barium glass of 33.35. And the maximum lead oxide 

content of high potassium glass is 1.62 is also less than the minimum value of lead barium glass 9.3. 

In fact, this can be explained by the use of lead ore as a flux in lead barium glass. 

However, the solution process of question 3 inspired further reflection on this question. One of the 

advantages of the random forest model used in question 3 is that it can obtain the ranking of 

importance of different classification features. 
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We express variable importance measures as VIM and Gini coefficients as GI, and the current 

classification is based on k features, X(1), X(2), ... X(k), ... X(14), M decision trees, N categories. 

Now we want to calculate the Gini index score 𝑉𝐼𝑀𝑘
(𝐺𝑖𝑛𝑖)

 for each feature X(k), which is the average 

change in node division impurity of all decision trees of the kth feature. 

The Gini index of the m th tree, node α is calculated as  

𝐺𝐼𝛼
(𝑚)

= 1 − ∑ (𝑝𝛼𝑛
(𝑚)

)
2

|𝑁|
𝑛=1                            (1) 

Where N represents N categories, 𝑃𝛼𝑛 represents the proportion of category n in the node α. 

The importance of feature 𝑋(𝑘) α the mth tree node, i.e. the change in the Gini index before and 

after the node α branching is 

𝑉𝐼𝑀𝑘𝛼
(𝐺𝑖𝑛𝑖)(𝑚)

= 𝐺𝐼𝛼
(𝑚)
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                      (2) 

Where 𝐺𝐼𝛽
(𝑚)

 and 𝐺𝐼𝛾
(𝑚)

 represent the Gini indices of the two new nodes after branching, 

respectively. 

If the node in which feature 𝑋(𝑘) appears in the decision tree m is the set α, then the importance 

of 𝑋(𝑘) in the m tree is 

𝑉𝐼𝑀𝑘
(𝐺𝑖𝑛𝑖)(𝑚)

= ∑ 𝑉𝐼𝑀𝑘𝛼
(𝐺𝑖𝑛𝑖)(𝑚)

𝛼∈Α                         (3) 

Now there are M trees in the RF forest, then 

𝑉𝐼𝑀𝑘
(𝐺𝑖𝑛𝑖)

= ∑ 𝑉𝐼𝑀𝑘
(𝐺𝑖𝑛𝑖)(𝑚)𝑀

𝑚=1                          (4) 

Finally, all the importance scores obtained can be normalized: 

𝑉𝐼𝑀𝑘
(𝐺𝑖𝑛𝑖) =

𝑉𝐼𝑀𝑘
(𝐺𝑖𝑛𝑖)

∑ 𝑉𝐼𝑀𝑘·
(𝐺𝑖𝑛𝑖)𝐾

𝑘·=1

                            (5) 

2.2. Subclass division: the establishment of a systematic clustering model 

After a simple analysis of the data, it is found that the chemical composition of high potassium 

and lead barium glass before and after weathering has changed greatly, so firstly, the high potassium 

and lead barium glass are divided into two categories according to whether they are weathered or not, 

and four glass types are obtained: weathered high potassium glass, non-weathered high potassium 

glass, lead barium glass, and non-weathered lead barium glass. 

On this basis, each category is further subclassified, and a general cluster analysis method can be 

used. Considering that the final number of subclasses obtained is uncertain, a systematic clustering 

model, that is, a hierarchical clustering model, should be adopted. The core idea of system clustering 

is to calculate the "distance" between samples, which is calculated using the Euclidean distance 

method, that is, the square sum of the differences between the eigen quantities. The closest sample is 

first clustered into a class, regarded as a type of sample, repeats the above calculation process, and 

finally the sample can be gradually aggregated into a large category. 

The systematic clustering model can restore the specific situation of each cluster, calculate the 

degree of distortion in various classification situations, and finally use the elbow rule to determine 

the number of subclasses. Calculate the position of the center of gravity of the sample data in each 

category, and then calculate the position of each sample in the category to the center of gravity, and 

sum to obtain the degree of distortion. Finally, the degree of total distortion, also known as the 

aggregation coefficient R, is obtained. 

The specific process is as follows: 

Step 1: Calculate the distance between individual samples, using the European distance method: 

𝑑(𝑥𝑖 , 𝑥𝑗) = √∑ (𝑥𝑖(𝑘) − 𝑥𝑗(𝑘))
214

𝑘=1                         (6) 
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Where 𝑥𝑖 is the sampling point in row i, and 𝑥𝑖(𝑘) is the chemical composition of item k 𝑥𝑖 at 

the sampling point. 

Step 2: Get the two samples closest and combine them into one class. 

Step 3: Calculate the distance between the new class and other samples (classes), and when 

calculating the distance, take the minimum value of the distance between each sample in the new 

class and the calculated object. 

Step 4: Repeat steps 2 and 3 until all samples are combined into one class to plot the systematic 

clustering analysis. 

Step 5: Solve the aggregation coefficient R corresponding to the number of different subclasses, 

and select the flat turning point as the result based on the elbow rule. 

The flowchart is shown as follows figure 1: 

 

Figure 1. Flowchart of systematic clustering model 

2.3. Classification law: the solution of the random forest model 

Use Python code to implement the solution process of the model, taking into account randomness 

and perform it multiple times: 

The sequential arrangement of the data is the arrangement of the corresponding component 

indicators. It can be analyzed that lead oxide (PbO), barium oxide (BaO), and silicon dioxide (SiO2) 

are the top three important classification indicators of high potassium and lead barium glass, 

respectively. 

2.4. Subclass Division: Solving the clustering model of the system 

In order to reasonably calculate the distance between each sample, the blank value in the attached 

form 2 is uniformly treated as 0. 

(1) Weathered high-potassium glass: system clustering results and aggregation coefficient 

 

Figure 2. System clustering results and aggregation coefficient 
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According to the line chart of aggregation coefficients, when K=3, the change trend of aggregation 

coefficients slows down significantly. 

When K takes 1 to 3, the aggregation coefficient changes significantly, and when K≥3, the value 

of aggregation coefficient is significantly smaller than the value when K takes 1 to 2. Therefore, the 

number of classifications is set at 4. The result is shown in the figure 3. 

 

Figure 3. The result when K takes 1 to 3, the aggregation coefficient changes significantly 

(2) Non-weathering high-potassium glass: system clustering results and aggregation coefficient 

plot. The result is shown in the figure 4. 

 

Figure 4. System clustering results and aggregation coefficient plot 

Chart analysis:  

According to the aggregation coefficient line chart, when K=4, the change trend of aggregation 

coefficient slows down significantly. 

When K takes values from 1 to 4, the aggregation coefficient changes significantly, and when K≥4, 

the value of aggregation coefficients is significantly smaller than the value when K takes 1 to 3. 

Therefore, the number of classifications is set at 4. The result is shown in the figure 5. 

 

Figure 5. The result when K takes values from 1 to 4, the aggregation coefficient changes 

significantly 
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(3) Weathered lead barium glass: system clustering results and aggregation coefficient diagram. 

The result is shown in the figure 6. 

 

Figure 6. system clustering results and aggregation coefficient diagram 

Chart analysis:  

According to the aggregation coefficient line chart, when K=4, the change trend of aggregation 

coefficient slows down significantly. 

When K takes values from 1 to 4, the aggregation coefficient changes significantly, and when K≥4, 

the value of aggregation coefficients is significantly smaller than the value when K takes 1 to 3. 

Therefore, the number of classifications is set at 4. The result is shown in the figure 7. 

 

Figure 7. The result when K ≥ 4 

(4) Non-weathered barium lead-barium glass: systematic clustering results and aggregation 

coefficient figure 8. 

 

Figure 8. Systematic clustering results and aggregation coefficient 

Chart analysis: 

According to the aggregation coefficient line chart, when K=5, the change trend of aggregation 

coefficient slows down significantly. 
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When K takes values from 1 to 5, the aggregation coefficient changes significantly, and when K≥5, 

the value of aggregation coefficients is significantly smaller than the value when K takes 1 to 4. 

Therefore, the number of classifications is set at 5. The result is shown in the figure 9. 

 

Figure 9. The result when the number of classifications is set at 5 

The final list of results is as follows: 

Table 1. Classification results of weathered high-potassium glass subclasses 

Subclass 1 7 

Subclass 2 09, 10, 12 

Subclass 3 22, 27 

  

Classification results of non-weathered high-potassium glass subclass 

Subclass 1 21 

Subclass 2 03 place 1, 18 

Subclass 3 06place1, 06place2 

Subclass 4 01, 03place2, 04, 05, 13, 14, 16 

  

Classification results of weathered lead barium glass subclass 

Subclass 1 
02, 19, 34, 38, 39, 40, 41, 43place1, 43place2, 49, 50, 51place1, 51place2, 52, 54, 

54Severe weathering spots, 56, 57, 58 

Subclass 2 48 

Subclass 3 11 

Subclass 4 08, 08Severe weathering spots, 26, 26Severe weathering spots 

Classification results of non-weathered lead barium glass subclass 

Subclass 1 29Unweathered point, 44Unweathered point 

Subclass 2 
23Unweathered point, 28Unweathered point31, 32, 33, 35, 37, 42Unweathered 

point1, 42Unweathered point2, 44Unweathered point, 45, 53Unweathered point 

Subclass 3 25Unweathered point, 30place1, 30place2, 46, 47, 50Unweathered point, 55 

Subclass 4 24 

Subclass 5 20 

2.5. Subclass Division: Sensitivity analysis of systematic clustering models 

The result is shown in the figure 10. According to the elbow principle, combined with the above 

four aggregation coefficient graphs, the most reasonable classification K value is obtained at the 

gentle turning point by continuously adjusting the K value, and the sensitivity test and rationality test 

are completed. 
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Figure 10. The result when the sensitivity test and rationality test are completed 

3. Establishment and solution of glass identification model 

3.1. Establishment of random forest models 

Since the weathering of unknown cultural relics is also determined, this paper uses weathering and 

unweathering as the basis for classification, and constructs two random forests respectively. Based 

on the analysis of problem 2, in order to improve the validity and accuracy of machine learning, the 

following operations are performed in the data processing and input process: 

(1) Assign values to discrete variables: record high potassium glass as 1 and lead barium glass as 

0. 

(2) Random data input: For each decision tree, 70% of the data volume is selected as the input data, 

and each data extraction is put back, and the data selection of different decision trees does not interfere 

with each other. 

3.2. Solving the random forest model 

The samples A1, A3, A4, and A8 were all non-weathered samples, and their type values were 

solved by being brought into a weathered random forest. According to the high potassium set to 1 

and lead barium set to 0 when the model is established, it can be determined according to the trend 

of the data results between 0 and 1. Since the process is completely random, there will be subtle 

differences in each output result, but it does not affect the final type of determination. The three 

judgment results are listed here to verify the universality of the conclusions, and it can be obtained 

that A1 is high-potassium glass, and A3, A4, and A8 are lead-barium glass. 

The samples A2, A5, A6, and A7 were all weathered samples, and their type values were solved 

by being taken into a weathered random forest. According to the high potassium set to 1 and lead 

barium set to 0 when the model is established, it can be determined according to the trend of the data 

results between 0 and 1. Since the process is completely random, there will be subtle differences in 

each output result, but it does not affect the final type of determination. The three judgment results 

are listed here to verify the universality of the conclusions, and it can be obtained that A6 and A7 are 

high-potassium glass, and A2 and A5 are lead-barium glass. 
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3.3. Categorical sensitivity analysis of the model 

The remaining 30% of the data volume in the model building process is used for testing and 

sensitivity analysis of the model. With code to achieve an accuracy of 1, it fits the real situation very 

well. 

The final results are summarized in the table 2 below: 

Table 2. The final results 

Artifact number Type (inference) 

A1 High potassium 

A2 Lead barium 

A3 Lead barium 

A4 Lead barium 

A5 Lead barium 

A6 High potassium 

A7 High potassium 

A8 Lead barium 

4. Conclusion 

In this paper, on a simple observation basis, the random forest model is first used to sort the feature 

importance, so as to find the classification law, and obtain the PbO, BaO, and SiO2 contents as the 

top three important features that distinguish high potassium from lead barium glass. Secondly, in the 

problem of subclass analysis, this paper adopts a systematic clustering model and uses a cyclic 

algorithm to reproduce the whole process of clustering, and a total of 16 subclasses are obtained on 

the basis of the original four categories (weathered high-potassium glass, weathered high-potassium 

glass, weathered lead barium glass, and non-weathered lead barium glass). Finally, the trend change 

of the aggregation coefficient elbow chart was used for sensitivity analysis, and it was found that all 

kinds of fitting were optimal. 

In order to identify the glass type, this paper first uses the known data, whether weathering is the 

classification criterion, and 70% of the data volume as the machine learning basis, constructs two 

random forest models, and then brings the 8 unknown cultural relics samples in Form 3 into different 

random forest models according to whether they are weathered or not, and completes the estimation 

of their glass types. Since the process is completely random, this paper has determined A1, A6 and 

A7 as high-potassium glass, and A2, A3, A4, A5 and A8 as lead-barium glass. Finally, the sensitivity 

test was carried out using the unentered 30% data, and the fit degree was found to be 100%, indicating 

that the accuracy of the prediction was excellent. 
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