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Abstract. This paper is based on the KNN and Random Forest algorithms in machine learning to 
analyze the differences and correlations in the compositions of ancient glass objects, determine their 
classification and identify the unknown categories of artifacts. The classification rules of different 
types of glass are analyzed; for each category, appropriate sub-classification processes are 
performed according to their chemical composition, specific classification methods and processing 
results are given, and sensitivity and rationality analyses are performed on the results. The chemical 
composition of glass artifacts of unknown categories is analyzed, and then their categories are 
identified and sensitivity analysis is performed on their classification results. Samples of glass 
artifacts from different categories and analyze the relationships between their chemical compositions, 
and compare the differences that exist in the relationships between the chemical compositions of 
different categories. 
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1. Introduction 

Usually the main material for manufacturing glass is quartz sand, chemically known as silicon 

dioxide (SiO2) [1~3]. In ancient times, grass ash, saltpeter, lead ore and natural bubbling soda were 

commonly used as accelerants to lower the melting temperature of pure quartz sand, and limestone 

was added whose combustion produced calcium oxide as a stabilizer [4,5]. We in the role of different 

combustion aids, the main chemical composition of glass products are different, to our own invention 

of lead barium glass, for example, lead ore as a combustion aid fired lead barium glass in lead oxide 

(PbO) and barium oxide (BaO) content is relatively high, Chu culture of the glass to lead barium glass 

[6~10]. Another example is the potassium glass made of grass ash with high potassium content as a 

combustion aid is mainly popular in Lingnan, China, as well as India and Southeast Asia and other 

regions. 

It is important to analyze the classification laws of different types of glass, give specific 

classification methods and treatment results, and compare the differences in the relationship of 

chemical composition between different categories to study the weathering of ancient glass. 

2. Methods 

2.1. Fisher's linear discriminant 

According to the question, we were asked to investigate the classification law of lead-barium and 

high-potassium glass, and we presumed that their classification law was based on the content of 

chemical components. The Fisher linear discriminant method is used to draw a line in the plot, and 

each point is projected onto this line so that as many data of the same type fall together as possible. 

We first combine each two variables and draw their scatter plots and then find the projection on 

the W line according to the two variables X1 and X2 to obtain a formula 

                                           (1) 
TY W X=
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In order to better obtain the W-line we first have to make sure that the projections are sufficiently 

spaced from each other and that the projections of the same kind are sufficiently dense to determine 

the mean value Di of the samples of class I of the two values and the mean value on the projection as 

Di* 

                                        (2) 

                             (3) 

The mean value of inter-projection distance is 

                                 (4) 

The degree of dispersion, the effect of intra-class aggregation, is indicated by the dispersion 

variance. 

                                      (5) 

The total dispersion F is the sum of their variances.  

                                   (6) 

The criterion function is 

                                      (7) 

After deducing the integrated Lagrange multiplier method, to find the extreme value W needs to 

satisfy 

                                     (8) 

We determine the threshold δ after converting n dimensions into one dimension 

                                      (9) 

The final discriminant formula is obtained as: 

                                   (10) 

2.2. KNN nearest neighbor algorithm 

We use the KNN nearest neighbor algorithm to solve the problem when the size of the data set is 

not very large. This method is used to train and learn the content of each chemical component of the 

known class of elements and then compare the features of the unknown elements to find the closest 

points to this feature. The main thing is to find the closest point to the target classified element, so 

the Euclidean distance can be used to determine their closest features. 

Input: Training data set Eq. 

                               (11) 
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                           (12) 

where xi∈X; yi∈{1, 0}(1=high potassium, 0=lead barium); i=1,2,...,N, M is the discriminant 

function, i.e., M is 1 when yi=aj, otherwise M is 0. The k points in the training set T that are nearest 

neighbors to x are found, and are denoted as Nk(x). The distance algorithm is Euclidean distance, 

which does not differ much from the above approach, and is not described in detail. 

According to the above figure we can clearly see that the two types of glass, high potassium and 

lead-barium, are well distinguished between iron oxide and lead oxide, lead oxide and copper oxide, 

barium oxide and strontium oxide, barium oxide and phosphorus pentoxide, and phosphorus 

pentoxide and strontium oxide, so we believe that the content of the six chemical components present 

above is the main factor affecting the classification of glass types. 

Based on preliminary observations we found that 14 variables had an impact on the classification 

results, and found that this number of variables was too large and confounding such as the presence 

of too many zeros in some variables or their irregular distribution. In order to more accurately and 

rationally subclassify the different types of glass artifacts, we needed to pre-process the data. We 

decided to reduce the dimensionality of a large number of variables, i.e., to find a few important 

indicators of categories among multiple variables, so we adopted the method of PCA (principal 

component analysis) to find several categories of variables that have a greater impact on the 

classification of glass artifacts as the main basis for the study, and the results of data processing are 

shown in the following table 1. 

Table 1. Principal component analysis of each type of artifact 
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By the above pre-processing we get 2 sets of principal component variables, in this problem we 

do not know the specific categories, so it is defined as a clustering problem, according to our above 

selected principal components and their respective influence factors we can use the systematic 

clustering method to calculate their classification. 

For the systematic clustering method, the "distance" between each artifact is calculated to combine 

two by two, and finally aggregated into a system through several iterations to generate a clustering 

spectrum map. The algorithm for "distance" is obtained by Euclidean distance. 

The final clustering genealogy chart (tree diagram) can be obtained by SPSS as Figure 1 

x ( ) ( )argma j k i jy a x N x y aM=   =



Highlights in Science, Engineering and Technology CSIC 2022 

Volume 34 (2023)  

 

329 

 

Figure 1. Genealogy chart 

The same is true for lead barium glass. 

In order to obtain the optimal number of clusters we examine the degree of distortion to obtain the 

following data, such as table 2. 

Table 2. Lead-barium and high potassium aberrations 
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Make their scatter plots separately as figure 2 and 3: 

 

Figure 2. Lead-barium high-potassium aberration map  



Highlights in Science, Engineering and Technology CSIC 2022 

Volume 34 (2023)  

 

330 

 

Figure 3. High potassium distortion map  

We can find their optimal number of clusters K=3 according to the elbow principle, and we can 

synthesize the above clustering spectra to get the clustering table as table 3. 

Table 3. Subclassification of different types of glass clusters 

Lead Barium High Potassium 

Sample Points Group Sample Points Group Sample Points Group 

2 1 44 Unweathered spots 1 1 A 

11 1 45 1 03 part 1 A 

19 1 46 1 4 A 

20 1 47 1 5 A 

23 Unweathered spots 1 49 1 7 A 

25 Unweathered spots 1 49 Unweathered spots 1 9 A 

28 Unweathered spots 1 50 1 10 A 

29 Unweathered spots 1 50 Unweathered spots 1 12 A 

30 part 1 1 51 part 1 1 13 A 

30 part 2 1 51 part 2 1 14 A 

31 1 52 1 16 A 

32 1 53 Unweathered spots 1 22 A 

33 1 54 1 27 A 

34 1 54 Severe weathering 1 03 part 2 B 

35 1 55 1 06 part 1 B 

36 1 56 1 06 part 2 B 

37 1 57 1 21 B 

38 1 58 1 18 C 

39 1 8 2   

40 1 08 Severe weathering 2   

41 1 24 2   

42 Unweathered spots 1 1 26 2   

42 Unweathered spots 2 1 26 Severe weathering 2   

43 part 1 1 48 3   

43 part 2 1     

 

The above division results are divided into three groups, 1, 2 and 3 in the lead-barium group, which 

correspond to the previous artifact labeled sample points in the high potassium group as A, B and C, 

which correspond to the previous artifact labeled sample points. 

1 represents all cases except low barium oxide, high oxidation and high barium oxide, low alumina 

cases 2 represents high barium oxide, low alumina, 3 represents low barium oxide, high alumina; A 

represents all cases except B and C, B high alumina, high potassium oxide, low silica, C low alumina, 

low potassium oxide, high silica. 
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We observe the classification after the change by changing the content of different chemical 

components so as to determine whether it is reasonable or not to obtain the table 1 as follows 

Table 4. High potassium and lead-barium sensitivity test 
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According to the above table, for the sensitivity analysis of high potassium, based on the seven 

principal components identified by the principal component analysis, by changing the content of 

potassium oxide, barium oxide and lead oxide, with the other components unchanged, it was found 

that under 20% disturbance fluctuation, two numbers were different from the previous clustering 

results without changing the content of potassium oxide by clustering, and the overall accuracy was 

88.89%. 

For the sensitivity analysis of lead and barium, based on the ten principal components identified 

by the principal component analysis, by changing the content of potassium oxide, lead oxide and 

barium oxide one by one, with the other components remaining unchanged, it was found that under 

the 20% fluctuation of disturbance, the results of three numbers by clustering differed from the 

previous clustering results without changing the content of potassium oxide, with an overall accuracy 

of 93.75%. 

For the classification of the unknown artifacts in Form III, what we know is their chemical 

composition, that is, to put them into the category that is most similar to their chemical composition. 

It can be judged that this is a classification model that 
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The final classification results were obtained as shown in Table 2. 

Table 5. lassification of unknown artifacts 

Artifact 
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Lead 
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In addition to this we used binary logistic regression to predict the type of unknown artifacts as 

high potassium or lead-barium on top of question 2. Based on SPSS software, we obtained 100% 

accuracy of the processed classification data and concluded that the unknown artifact types were high 

potassium, high potassium, lead-barium, lead-barium, lead-barium, high potassium, lead-barium, and 

on the basis of these predicted types, we combine each chemical composition and its corresponding 

type in Annex II into a total data for the next step of subclassification. After predicting the types from 

the above, they were classified into subcategories under their respective types. We obtained the 

classification of unknown artifacts with the help of SPSS software for the high potassium type into 

category A and B respectively, and the unknown artifacts with the lead-barium type into category 1, 

1, 2, 1 respectively. Sensitivity analysis: Based on the same principle of sensitivity analysis as in 

Problem 2, the predicted results were found to be more robust based on SPSS software, and the 

accuracy of the predicted results was still 100% after certain perturbations were generated. 

Table 6. Classification of unknown artifacts 

Artifact 

Number 
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1 A A A C 1 1 A 

2.3. Random Forest Prediction 

Random forest is an algorithm that integrates multiple combinations of classifications to predict a 

thing (1) each time n samples are taken from the training set and put back to get a new training set; 

(2) with the new training set, multiple sub-models are trained; (3) for the classification problem, a 

simple prediction model that uses a voting method to give each category a voice. The main random 

forest completion is mainly divided into the construction of decision trees and the generation of results. 

According to the random forest algorithm we get the following feature correlation coefficient plots 

for the two types of glass as Figure 12 and Figure 13 

We analyze the variability of the correlation between the chemical composition of different types 

of artifacts based on the tables of composition characteristic coefficients generated by the random 

forest for high potassium and lead-barium glasses. By observing the above component characteristic 

correlation coefficients, the negative correlation between magnesium oxide and silica in high 

potassium glass is extremely strong at -0.68, the positive correlation between iron oxide and 

phosphorus pentoxide is extremely strong at 0.71, and the correlation between potassium oxide and 

tin oxide is very weak at 0.0072; observe the negative correlation between lead barium silica and 

barium oxide is extremely Figure 4 and 5. 
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Figure 4. Correlation coefficient of lead-barium composition characteristics 

 

Figure 5. Correlation coefficients for the characteristics of high potassium components 

The positive correlation between copper oxide and barium oxide is 0.87, and the correlation 

between potassium oxide and sulfur dioxide is the weakest, only 0.0073. We compare the two types 

of charts, we can see that the correlation between magnesium oxide and silica is reduced to 0.18 

compared to high potassium glass but with a positive correlation trend, and the positive correlation 

coefficient between iron oxide and phosphorus pentoxide is reduced to 0.33. Reduced to 0.33; high 

potassium glass compared to lead barium glass silica and barium oxide negative correlation 

coefficient reduced from a strong negative correlation to -0.097, meaning almost no correlation, 

copper oxide and barium oxide only reduced to a positive correlation coefficient of 0.5, relatively 

little change in the correlation of these two groups of chemical composition. 

3. Conclusion. 

In this paper, we analyze the classification laws of different types of glass, perform suitable 

subclassification processing, give classification methods and results, and perform sensitivity and 

rationality analysis on their results. 

Sensitivity analysis of the classification results for unknown categories of glass artifacts. 

The differences in chemical composition relationships between different categories are compared 

for samples of glass artifacts from different categories. 
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